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Abstract

A Generalized Three-Step Panel Data Estimator (G3SPD)

by

Diego Avanzini

Doctor en Economia, Pontificia Universidad Catélica de Chile

Raimundo Soto (Chair)

I develop a panel data estimator, the Generalized Three-Step Panel Data (G3SPD) estima-
tor, allowing for a consistent (or at least less biased) estimation of models with endogenous
regressors and the inclusion of dimension-invariant variables. Standard estimators fail to
account for one or both problems. Simulated experiments show it substantially outperforms
classical estimation techniques in terms of bias.

I also analyze the behavior of the standard errors and how they can affect inference.
I show that the standard errors obtained by standard methods are downward biased and
propose an adjusted variance-covariance matrix for the 3rd Step of the G3SPD estimator.
Using Monte Carlo simulations I find that the adjusted standard errors outperforms popular
panel data estimators across sample sizes and degrees of heterogeneity of the unobservable
effects, irrespective of assuming fixed- or random-effects designs.

Finally, T apply the G3SPD estimator to three classical panel data applications

(namely, a gravity model of bilateral trade, economics of crime, and analysis of wage



determinants and returns to schooling). I find that alternative estimators such as error-
components or Hausman-Taylor-type estimators may be highly biased both in terms of
coefficients estimation and fitting the sample. Additional Monte Carlo experiments applied
to the estimation of the wage equation show that the G3SPD estimator is able to control
the bias generated by omitted variables that are correlated with the included regressors

(e.g. ability).

Raimundo Soto
Chair



Resumen

A Generalized Three-Step Panel Data Estimator (G3SPD)

por

Diego Avanzini

Doctor en Economia, Pontificia Universidad Catélica de Chile

Raimundo Soto (profesor guia)

Desarrollo un estimador de datos de panel, el estimador generalizado de datos de panel
en tres pasos (Generalized Three-Step Panel Data estimator, o G3SPD estimator), que
permite la estimacion consistente (o al menos, con menor sesgo) de modelos con regresores
endégenos y la inclusién de variables invariantes en alguna de las dimensiones del panel.
Los estimadores estdndar no suelen contemplar alguno o ambos problemas. Los resultados
de experimentos simulados muestran que este estimador se desempena substancialmente
mejor que las técnicas de estimacion cldsicas en términos de sesgo.

También analizo el comportamiento de los errores estdndar y cémo éstos pueden
afectar la inferencia. Alli muestro que los errores estdandar obtenidos por métodos estéandar
se encuentran sesgados a la baja, y propongo una matriz de varianza-covarianza ajustada
para el tercer paso del estimador G3SPD. Usando simulaciones de Monte Carlo, encuentro
que los errores estdndar ajustados se desempenan mejor que los obtenidos por estimadores

populares para datos de panel, para distintos tamanos de muestra y grados de heterogenei-



dad de los efectos no-observables, sin importar si se asume que el diseno corresponde a
efectos fijos o aleatorios.

Finalmente, aplico el estimador G3SPD a tres problemas clédsicos de datos de panel
(particularmente, un modelo de gravedad de comercio bilateral, un modelo de economia del
crimen, y el anédlisis de los determinantes del salario y los retornos a los afios de escolar-
idad). Encuentro que los estimadores alternativos como el de componente de errores o
los estimadores del tipo de Hausman y Taylor, pueden estar altamente sesgados tanto en
términos de la estimacién de los coeficientes como en el ajuste dentro de la muestra. Un
conjunto adicional de experimentos de Monte Carlo aplicados a la estimacién de la ecuacién
de salario muestra que el estimador G3SPD es capaz de controlar el sesgo generado por
variables omitidas que estdn correlacionadas con los regresores incluidos (por ejemplo, ha-

bilidad).

Raimundo Soto
Profesor Guia
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Part 1

A G3SPD Estimator



CHAPTER 1

A Generalized Three-Step Panel Data Estimator:

Bias Issues

1.1 Introduction

The use of panel data has extended to almost every area of economics, motivated
by both data availability and because unobservable features can be captured by cross-
section and time-series estimations. Of particular interest is the application of panel data
analysis to policy impact evaluation (Cornwell and Rupert, 1988; Baltagi and Khanti-Akom,
1990; McClellan and Staiger, 1999), regulation (Knight, 2002; Hazlett and Munoz, 2009a,
2009b), international trade (Krishnakumar, 2002; Egger and Pfaffermayr, 2004; Serlenga
and Shin, 2007), investment (Davies et al., 2005), stock returns (Bulkley et al., 2004),
political economy (Iversen and Cusack, 2000; Green et al., 2001), marketing actions (Lam
et al., 2001), firm efficiency (Sickles, 2005), criminal behavior (Cornwell and Trumbull, 1994;
Baltagi, 2006), etc. These applications, to name just a few, focus on estimating the value of
the parameters of the studied model in order to guide decision-making, emphasizing the need
for consistency and forecasting power. However, the selection of an adequate estimation
method relies on the set of assumptions concerning the endogeneity of regressors and the
randomization of unobservable characteristics of the sample.

The selection of a suitable approach to panel data estimation ranges from "pooled"



OLS, to "fixed effects", to Hausman—Taylor—type procedures, to (random effects) error-
components. The literature provides analyses of their advantages and disadvantages.! How-
ever, the presence of endogenous regressors (either in single-equation or system estimation)
and the inclusion of dimension-invariant variables® pose special challenges to these panel
data methods, which we address in this study.

We introduce a Generalized Three-Step Panel Data estimator (G3SPD) to esti-
mate single- and simultaneous-equations models (both equation-by-equation and system
estimation) with panel data when the "true model" is characterized by (i) a set of regres-
sors including dimension-invariant variables, and (ii) some (or all) of the regressors are
correlated with the unobservable effects.

The G3SPD estimator offers many advantages: (i) it deals with both endogenous
dimension-varying and dimension-invariant variables in a simple and elegant way; (ii) it
outperforms available alternative estimators in terms of bias; (iii) it yields a full set of
estimates that can be used directly in forecasting, model evaluation, and inference; (iv)
it yields a set of estimates for the unobservable effects, dubbed pseudo-effects; and (v) it
can be applied to both fixed-effects and random-effects models. Moreover, its estimation
procedure is simple, apparent, and quick, and can be easily implemented using standard
econometric packages with minimum adjustments.

The estimator is based on a simple intuition: if the source of bias in a panel data

regression is the correlation between the regressors and the unobservable effects, introducing

!This discussion and the description of the estimation techniques can be found in many articles and
books, e.g. Hausman (1978), Mundlak (1978), Hausman and Taylor (1981), Hsiao (2002), Wooldridge
(2002), Baltagi (2005), Krishnakumar (2006).

2Here we call "dimension" to each of the "ways" a panel can have. Usually a panel data has two ways
or dimensions: individuals and time, but more dimensions can be analyzed (e.g. see Abowd et al., 2002;
Horrace and Schnier, 2008).



an estimate of the latter in the model may contribute to eliminate, or at least attenuate,
such bias. Consequently, obtaining a set of estimates of the unobservable effects is a key
feature of this method that requires a multi-step regression procedure.? Briefly, the method
comprises three estimation steps: the first and second steps are aimed at obtaininig a set
of estimates of the coefficients for both the dimension-varying and the dimension-invariant
covariates. These estimates are used to obtain the pseudo-effects, which are added to the
dimension-varying and dimension-invariant regressors in a pooled regression in the third
step. The G3SPD estimator yields less biased estimates of the coefficients; outcomes from
a set of Monte Carlo simulations for different sample sizes and degrees of endogeneity are
presented in order to compare the proposed estimator with classical panel data methods.
Efficiency considerations regarding the G3SPD estimator are developed in a companion
paper (see Avanzini, 2010, and chapter 2, below), suggesting that it yields more reliable
standard errors estimates when compared with other available methods.

The rest of the chapter is organized as follows: the next section introduces three
classical examples that present the problems we are interested in. The third section reviews
the theoretical aspects of panel data estimation as well as the problems that may bias
estimates. Section 1.4 develops the G3SPD and its relationship with classical models as
well as some statistical features. Simulation outcomes and performance comparisons for
both fixed- and random-effects simultaneous equations models are presented in Section 1.5.

In the sixth section we apply the G3SPD estimator to the examples introduced in Section 1.2

3To our knowledge, Pliimper and Troeger (2007) are the first to develop a single-equation panel data
estimation procedure following this line of reasoning, which they call Fixed-Effects Vector Decomposition.
However, their procedure does not take into account the potential correlation between regressors and unob-
servable components, and may yield highly biased results for both the coefficients and the standard errors
when the regressors are correlated with the unobservable effects.



and analyze the new results. We also conduct an empirical exercise to show how the G3SPD
estimator deal with omitted variables correlated with the included regressors. Section 1.7
concludes with some remarks. The appendices include proofs of the theorems and a section
where we show how to set matrices in order to obtain classical estimation methods for panel

data as special cases of the estimators in Section 1.4.

1.2 Three Classical Examples

The increasing availability of panel datasets has popularized the application of
panel data methods to very diverse areas of economics such as labor and education, macro-
economics, trade, finance, marketing, health care and social security, demand-supply esti-
mation, programs and public policy evaluation and regulation. A reason to use panel data
is to account for the presence of unobservable information common to some or all units
in the sample. This unobservable information, usually called "effects" in the panel data
jargon, may bias estimates when correlated with the regressors.

To illustrate the questions researcher may be interested in answering when facing
these problems, we revisit three widely-known examples: (i) gravity models of international
trade flows, (ii) economics of crime, and (iii) wage determinants and returns to schooling.
These examples appear in textbooks and are used to show the performance and validity of
alternative estimation methods.? Another advantage if that the corresponding datasets are

available from the Journal of Applied Econometrics website, where the related articles were

published.

“For example, Baltagi (2005, 2009) use these examples to illustrate the use of error-components and
Hausman-Taylor-type estimators with different sets of instruments.



The first example refers to a gravity model of international trade flows which is
widely used as a baseline model for estimating the impact of a variety of policy issues
such as regional trading groups, currency unions and trade distortions. Serlenga and Shin
(2007) estimate a gravity equation of bilateral trade flows among 15 European countries
over the period 1960-2001 using a generalized Hausman-Taylor estimation methodology.
They are particularly interested in evaluating the effect of time-invariant characteristics
that are usually disregarded by the fixed-effects estimators used in this context. They
regress the log(volume of bilateral trade) on time-varying (real exchange rate, GDP, GDP
per capita, similarity, shared currency, EU membership), time-invariant (distance, shared
border, shared language), and time-specific unobservable effects. Among their findings is
that the impact of country-specific variables (time-invariant) can be recovered using the
Hausman-Taylor approach in addition to allowing such variables to be endogenous. In
particular, they argue that shared language is a proxy for cultural, historical and linguistic
proximity, and this in turn is highly correlated with country-specific effects (see Baltagi,
2009, ch. 7).

Our second example is taken from Cornwell and Trumbull (1994), and a revisit
by Baltagi (2006). They are interested in estimating an economic model of crime using
panel data. The empirical model —which follows Becker (1968), Ehrlich (1973), and others—
relates log(county crime rate) to dimension-varying (probability of arrest, number of police
per capita, probability of conviction, sanction severity, sectoral wages, population charac-
teristics), dimension-invariant (location, percent of minority), and time-specific effects. The

reason for using panel data instead of cross-sectional information, as many other studies do,



"[...] is an inability to control for unobserved heterogeneity in the unit of observation. The
use of 2SLS and 3SLS in these studies does not treat this problem. Neglected heterogene-
ity also may be correlated with the instrumental variables used to compute the 2SLS and
3SLS estimates. With panel data we can account for unobservable county characteristics by
conditioning on county effects in estimation [...]" (Cornwell and Trumbull, 1994, pp. 361).
Additionally, the probability of arrest and the number of police per capita are endogenous
variables that must be instrumented to avoid simultaneity bias. The main problem with
the empirical results is that after controlling for both sources of endogeneity, namely con-
ventional simultaneity and neglected heteregeneity, none of the determinants appears to be
significant. Baltagi (2006), in an attempt to overcome this problem, proposes the use of
2SLS error-components estimators supporting its validity with an alternative Hausman test
(Baltagi, 2004).

The final example deals with the estimation of wage determinants, and particu-
larly, the impact of schooling. The usual approach is to use a reduced-form equation inspired
by Mincer (1974), controlling for the potential correlation between individual ability and
education using different strategies (e.g., see Griliches, 1977; Lillard and Willis, 1978; Haus-
man and Taylor, 1981; Chowdhury and Nickell, 1985, Cornwell and Rupert, 1988; Baltagi
and Khanti-Akom, 1990; among others). This framework is particularly appealing because
it captures two distinct economic concepts: (i) a pricing equation for productive attributes
such as schooling and work experience, and (ii) the rate of return to schooling which can be
used to determine optimality of human capital investment (see Heckman et al., 2003). We

focus on the study by Cornwell and Rupert (1988), who run regressions of the log(wage;;)



on several time-varying (experience, occupation, unionization, location) and time-invariant
regressors (gender, ethnics, years of schooling, marital status). In this context, years of
schooling is the variable of interest charaterized by time-invariability and potential corre-
lation with individual unobservable characteristics such as ability and ambition. Isolating
the effect of years of schooling on wages serves to analyze the two economic implications
stated before. Using a panel dataset from the Panel Study of Income Dynamics (PSID),
Cornwell and Rupert evaluate the performance of different estimators including Hausman-
Taylor-type with different sets of instruments. Baltagi and Khanti-Akom (1990) replicate
Cornwell and Rupert’s results but assuming a different correlation structure which in turn
lead to different sets of instruments.

After developing the theoretical framework of the G3SPD and showing how it
performs in terms of bias via Monte Carlo simulations, we will return to these examples to

evaluate the results using G3SPD.

1.3 Theoretical Issues

The former examples have an important problem in common: endogeneity. To
put this problem in formal terms, consider the following generic single-equation model for

a bi-dimensional panel data:

Vit = XitB + Ziy + Zem + [ + py + M + €t (1.1)

where y;; is a dimension-varying "dependent" variable, and individuals and time periods are
identified by i =1,...,N and t = 1,...,T, respectively. The right-hand side includes a set

of observable covariates and unobservable (or neglected) information which forms the usual



residual of the model. The observable information includes dimension-varying covariates
— Xjt, which varies in both dimensions — and dimension-invariant regressors — Z; and Z;,
which only vary in one of the dimensions of the panel. Assume that the unobservable
information can be split into four components: an individual-specific effect u; (i.e. an effect
that remains constant for each individual through all time periods), a time-specific effect
At (that does the proper for time periods), a constant term ¢ (i.e. it does not vary in all

panel dimensions), and an stochastic error term, ;. The estimable model is:

Yit = XS + Ziy + ZiTm + 1y (1.2)

where n;; = @+ p; + A +€j¢ is the residual part of the regression. When some regressors and
n;; are correlated, the estimation of this model may yield biased and inconsistent estimates
if not accounting for that correlation. Two possible sources of bias are (i) the correlation

between the regressors and either p or A\, and (ii) the correlation between the regressors and

Assume now that equation [1.1] is one of the G equations of the following (reduced-

form) system of simultaneous equations:

yiit = V1w + XuaeB1 + Ziivy + Zuty + [o1 + pyg + A+ €14t
(1.3)
yait = Yoima + XcitBa + Zaive + Zaita + [0g + bai + Aat + €ait]
where Y is a set of endogenous variables correlated with both the unobservable effects and
the stochastic error term, each one appearing as the left-hand-side-variable in the remaining
equations of the system. Thus the latter regressors add a simultaneity bias to the problem

of estimation. In summary, the system of equations [1.3] presents four sets of variables
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that can be correlated with either components of 7, potentially biasing the estimates of the

coefficients if not accounting for endogeneity and/or simultaneity.

1.3.1 Endogeneity bias

Consider the case when the regressors in equation [1.1] are only correlated with
the unobservable effects p or A. The validity of the estimators depends on the assump-
tions the researcher makes about the data generating process and the type of inference
required — i.e. distinguishing between inference based on "conditional" versus "marginal
or unconditional" distributions of the events. Intuitively, when the unobservable effects
in the sample contain information of interest to the researcher, fized effects should be as-
sumed and inference should be made conditional on such effects’. When the effects contain
general information attributable to the population, then the effects should be considered
randomly distributed across the population, i.e. inference should be carried out based on the
unconditional (marginal) distribution.

In general, if we assume that the effects are fixed, three estimation methods ap-
ply: the fixed-effects (FE) or within-groups estimator, the least—squares dummy variables
(LSDV) approach, and the estimator based on first-differences (FD) of equation [1.1]. The
three approaches present problems when dealing with dimension-invariant variables: the
FE and FD estimators wipe out the fixed effects together with other dimension-invariant

components eliminating the bias problem originated by the correlation of the regressors with

5The fixed effects can also be thought as follows: when the differences in behavior between observations
cannot be attributed to a pure chance mechanism, then it is more appropiate to view each observation as
drawn from heterogeneous populations and the specific-dimension effect as representing the fundamental
differences among the heterogeneous populations (Hsiao, 2002, Ch. 3). This interpretation allows for the
fixed effects to be correlated with the regressors (as in Cornwell and Trumbull, 1994; or Baltagi, 2006),
contrary to Krishnakumar (2006) that assumes that fixed effects are never correlated with the regressors.
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the unobservable effects, at the cost of neglecting the estimation of the coefficients of the
dimension-invariant regressors’. On the other hand, the LSDV approach introduces a set
of dummy variables to represent the effects but they become perfectly correlated with the
dimension-invariant regressors, making it impossible to obtain estimates of v or 7.7 Thus,
assuming fixed effects prevents us to obtain consistent estimates of the parameters except
for B unless we use a two-step procedure as proposed by Hsiao (2002, Section 3.6) or Kr-
ishnakumar (2006). The two-step procedure uses the within residuals obtained in the first
step as the dependent variable in a second step reduced-"between-groups" regression that
yields a set of estimates of v and 7. As shown below, those estimates may be highly biased
if the regressors (specially the dimension-invariant ones) are correlated with the effects.
Alternatively, when the effects are assumed to be random, error-components (EC)
estimators may be a suitable choice for estimating the equation. Although we would be
able to obtain estimates of 3, ~, 7, all estimators will be biased given that the EC estimators
do not eliminate the effects from the regression (they remain in the model mixed with
the stochastic error term). This endogeneity bias can be solved, for example, using two-
stage least squares (2SLS) methods. 2SLS requires the identification of a suitable set of
instruments to correct the bias problem using an Aitken-type estimator. And this is exactly
what the Hausman-Taylor-type procedures (HT) do®. In fact, the HT procedure consists of

finding an adequate set of instruments’ and estimating the regression by 2SLS EC. When

SFirst-differences and within-groups transformation approaches are textbook methods to obtain the esti-
mates (see Hsiao, 2002; Wooldridge, 2002; Baltagi, 2005). A discussion about pros and cons of using these
methods can be found in Wooldridge (2002, Ch. 10).

"This method poses some additional problems for the user such as large dummy variables matrixes that
must be inverted, an accelerated loss of degrees of freedom, and the so-called "incidental parameter problem"
(see Neyman and Scott, 1948; Lancaster, 2000).

8See Hausman and Taylor (1981), Amemiya and MaCurdy (1986), Cornwell and Rupert (1988), Breusch
et al. (1989), Baltagi and Khanti-Akom (1990), Baltagi et al. (2003), among others.

9Hausman and Taylor (1981), Amemiya and MaCurdy (1986), Breusch et al. (1989), Balestra and
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all regressors are correlated with the effects, the 2SLS EC estimator coincides with the

FE estimator, though conceptually they are not the same'®

. Hence, obtaining consistent
estimates of [3,~, T relies on the availability and quality of instruments.

Finally, note that whenever the "true model" is one of fixed effects, the EC and
HT estimators will yield biased and inconsistent estimates of the coefficients. The fixed

effects approach is still viable in this case, i.e. it remains unbiased and consistent, though

not necessarily efficient (see Baltagi, 2005, Ch. 2).

1.3.2 Simultaneity bias

The previously discussed methods deal only with the problem of the correlation
between the regressors and the effects. But the correlation between the regressors and the
stochastic error term needs a different approach such as using instrumental variables. To see
this, consider the system of simultaneous equations in [1.3], and assume that neither the X’s
nor the Z’s are correlated with n = ¢+ p+ A+ <. Note that if the corresponding structural
model has a stochastic error term and individual and/or time effects in every structural
equation, the unobservable effects — y and A — and the stochastic error terms — ¢ — of each
reduced-form equation will be linear combinations of one another. Therefore, the solution
for every endogenous variables Y, will in general involve every structural error and also the

individual- and time-specific effects from every structural equation. This means that all

Varadharajan-Krishnakumar (1987), Wyhowski (1994), to mention only a few, suggest different sets of
instruments that can be recovered from the same panel, which largely reduce the effort associated with
finding instrumental variables.

0Both estimators are sometimes confused with each other, specially based on the claims by Mundlak
(1978). Nevertheless, FE and RE estimators (even in those cases where all regressors are correlated with
the effects) rely on different assumptions, as previously stated. For a discussion on this, see Krishnakumar
(2006).
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endogenous variables in the reduced-form system are correlated with both the stochastic
error term and the effects (see Breusch et al., 1989; Cornwell et al., 1992). Estimators that
do not account for this twofold correlation may be affected by simultaneity bias.

Although methods such as three-stage least squares (3SLS) EC may be appropriate
to avoid the bias due to the correlation between Y and e, they are not aimed to control
the remaining bias due to the correlation with the unobservable effects. In this case, it is
necessary to explicitly account for this source of endogeneity, for example, using a within-

groups (WI) estimator!®.

1.4 The G3SPD Estimator

The issues discussed in the previous section give rise to the question of whether it
is possible to find an estimator that can account for all these problems and still be consistent
(and ideally efficient). The Generalized Three-Step Panel Data estimator addresses these
problems on the basis of an apparent reasoning: if standard panel data estimators may be
biased due to the correlation between the regressors and the unobservable effects, then we
could include an estimator of such effects and get back to the standard approaches to obtain
a more reliable set of estimators.

Although the G3SPD estimator can be easily applied to individual- and time-

specific effects, as well as to n-way unbalanced panel data, for exposition purposes we

"Notice that in the context of simultaneous equations with panel data, the within-groups estimator
is treated as a part of the EC estimator given that the latter can be obtained as a weighted sum of a
within-groups estimator and a between-groups estimator (see Baltagi, 1981b, 1984, 2005). Consistency and
efficiency of EC estimators for simultaneous equations with panel data and random effects are addressed in
Baltagi (1981b). Cornwell et al. (1992) do likewise for the within-groups estimator obtaining closed forms
for its unconditional and conditional likelihood functions, but without tackling the efficiency issue. They also
propose a generalized approach to simultaneous equations with panel data that comprises the estimation of
within-groups transformed systems as a special case.
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concentrate on balanced panel data configurations containing individual-specific effects. In
this context, the inclusion of time-invariant variables pose a problem given that classical
fixed-effects estimators wipe out those variables together with the unobservable individual
effects, and OLS and EC estimators are biased and inconsistent, as discussed. Finally, HT
estimators may be unable to account for the time-invariant regressors (or even may not

exist) depending on the correlation between the regressors and the effects.!?

1.4.1 General Setup

Consider the (reduced-form) system of simultaneous equations!:

y=Yr+XB+Zy+ [Zop+ Z,p+ €] (1.4)

This system contains G equations, and each equation has IV observations concerning house-
holds, firms, countries, etc., throughout T' periods of time. Hereafter, we use subscript
g=1,...,G to identify cases in which we refer to a specific equation, whereas no subscript
means the whole system. Z,, is a selector matrix representing a set of dummy variables for
each individual that arrange the p, allocating one for each individual for all time periods,
and it is obtained as Zug = Iy ® v, whereas for the whole system we have Z, = I ® Zug'
Zy is a selector matrix representing a set of dummy variables that allocates ¢  in the

corresponding equation, and is obtained as Z, = I ® tn7.

128ee Appendix 1.F for the rank conditions of different HT estimators to exist.
B3For the sake of brevity, we explain the G3SPD estimator in the context of a system of simultaneous
equations estimation given that it encompasses single-equation estimation.
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The system comprises four sets of observable variables:

| 0] 0]
y= X =
o] |0 e xd) s
Yi [Z{”, Zﬂ 0
Y = Z =
el [ o o[22

where y is a GNT x 1 vector containing the set of endogenous left-hand side variables, and
Y is a GNT x (G — 1) matrix containing the (G — 1) set of remaining endogenous variables
appearing on the right-hand side of each equation. Hence y, is a NT' x 1 vector, and Y,
is a NT x (G — 1) matrix. Aditionally, the right-hand side set of variables may include K
dimension-varying covariates — the X’s — and J dimension-invariant covariates — the Z’s.
These are block-diagonal matrices of size GNT x GK and GNT x G.J, respectively.!*
Regarding exogeneity, we adopt the Cornwell et al. (1992) classification, which
separates the regressors in three categories: doubly-exogenous (covariates that are uncor-
related with both the stochastic term and the effects, identified with superscript (1), i.e.
X;l), Zél) Vg =1,...,G), singly-exogenous (covariates that are uncorrelated with the sto-
chastic term but correlated with the effects, identified with superscript (2), i.e. Xf), Zf)
Vg = 1,...,G), and endogenous covariates (those correlated with both the stochastic er-

ror and the effects, i.e. Y, Vg = 1,...,G). We assume that the correlation between the

regressors and the unobservable effects only involves their means.

MNote that the Z’s do not vary across time periods remaining constant for each individual, which will
imply perfect collinearity with the individual effects, as defined afterwards.
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The corresponding set of coefficients in system [1.4] are block-diagonal arrange-

ments of parameters:

7 - 0 By - 0 v e 0

0 - mg 0 Ba 0 ote

where 7 is a G(G — 1) x G matrix, § is a GK x G matrix, and v is a GJ x G matrix. This
means that each 7y, 84,7, is a column-vector with a coefficient for each covariate!®.

Regarding the unobservable information of the system, assume that the residual of
each equation has three components: a constant ¢, (which can be thought as corresponding
to the error mean), a set of individual effects ji, (corresponding to a constant term for each
individual), and a purely stochastic component ¢,4. For the whole system of equations, the
heteroskedastic residual

n=2Zyp+Zup+te

has its components arranged in the following way:

Zop

LNTP1

LNTPG

m

ILL:

Zug,ul

ZugNG’_

€1

0

e

where ¢, u, € are GNT x G matrices each one. In what follows, ¢j, represents a column-vector

of ones of order h.

The stochastic error term distributes 4 ~ #id(0, agg), i.e. assuming homoskedas-

ticity, the disturbances of the i*" individual at the #" period, (e1,...,eqi) distribute

5For exposition purposes, assume that all equations share the same number of dimension-varying and
dimension-invariant regressors.
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N(0,%.), with ¥, being a G x G covariance matrix: ¥. = E([e1s, ..., cqi] [€1it - - - »€qit))-
Hence the stochastic error term of the system is € ~ #id (0, 3: ® In7) .

When fixed effects are assumed, the set of unobservable effects 11, remains con-
stant for each possible realization of y, while varying among individuals according to
Pg ~ 'iz'd((),aiq).16 This means that for the currently observed time-series for an indi-
vidual ygi = (ygi1, - -, Ygir), the unobservable effect Mg is fixed. In this case, the stochas-
tic part of n only corresponds to ¢, and n, ~ iid ((pg + ,ug,agg> . For the whole system,

n~id(Zpp + Zup, Xe @ INT) -

Alternatively, when random effects are assumed, the set of unobservable effects

2

% ), which means
gt

fig; varies across the possible realizations of y : in this case g ~ #d(0, 0

that for each potential realization of y we have a corresponding set of random effects. We

assume that Uigi = aig Vg =1,...,G. Now, n, distributes with mean ¢, and covariance
matrix:
2
Hg T hIN 0
E <#;1 6Ih>: ’ Vg,h=1,...,G
Eg 0 UgghINT

It follows that for any pair of equations,
Son = E(ngny) = o}, (Iv ® Jr) + 02 Int
while for the whole system,
Y=E(m)=%,@ N ®Jr)+ X ® INT (1.6)

where Jp = vy, and ¥, and X, are both G x G matrices. Using Wansbeek and Kapteyn’s

16This configuration follows from the interpretation of the fixed effects by Hsiao (2002, Ch. 3). This also
justifies the fact that even when the effects are considered fixed, they can be correlated with the regressors,
as previously stated.
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(1982a, 1982b, 1983) results, we can rewrite [1.6] as:7

Y = (T8, +3%) @ (In®Jr) + 2. ® (Iy @ Br) (1.7)

= %1QP, +Z®Q,,

where Jr = (1/T)Jr, Ep = Ip—Jr, ¥ = T3+, and By, and ng are two useful matrices
obtained from the generalized projection matrix Py = A(A’A)~'A’ and its complement
Qa = 14 — Py, respectively, after replacing A with Zy,- Here 14 is an identity matrix with
its order determined by the number of rows in A. Notice that P, is the between-groups
transformation that returns the individual means from a panel dataset, and ng is the fixed
effects or within-groups transformation which returns deviations from the individual means,

for a given equation ¢.'® For the whole system, P,=Ig® Pug and Q. = IgnT — Py.
1.4.2 The G3SPD Procedure
The G3SPD procedure estimates the following system of simultaneous equations:
y=Yr+XB+Zyv+Zyp+ Zyp+e (1.8)

where feasibility of estimation is solved replacing p with an estimator. Obtaining such
estimator of the unobservable effects is a key feature of G3SPD.! Inspired in two-step
regression procedures, the first and second step of the G3SPD estimator are aimed to obtain

adequate estimates that are used to generate the pseudo-effects, i.e. the set of estimated

1"Baltagi (2005, Ch. 6) pointed out that the result in [1.7] corresponds to the spectral decomposition of
¥ derived in Baltagi (1980), and which implies that X" = X7 ® P, + XL ® Q,, where r is an arbitrary
scalar. This result facilitates obtaining the covariance matrixes.

8Note that these projection matrixes are symmetric, idempotent, of rank rank(P,) = tr(Pu,) = N
and rank(Qu,) = tr(Qu,) = N(T — 1), orthogonal (ie. P, Q., = 0), and sum to identity matrix (i.e.
P, +Qu, = Int).

DNotice that FE, EC, and HT estimators do not produce a set of estimates for these effects: obtaining
them may require the use of two-step procedures which is the basis of the G3SPD estimator.
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unobservable effects, fi. The third step of the G3SPD estimator is the central step and is
intended to obtain unbiased and consistent estimates for the whole set of coefficients in the
system [1.8], including the pseudo-effects as a new regressor. This helps to avoid (or at least
attenuate) biasedness and inconsistency of estimates due to the correlation of the regressors
with the unobservable effects, u.

Two-step procedures for estimating the unobservable effects have been previously
proposed in the literature (e.g. see Hsiao, 2002, Ch. 3; Baltagi, 2005, Ch. 2; Krishnakumar,
2006). The problem with these procedures is that they fail to adequately estimate the
coefficients of the dimension-invariant regressors. This motivates using the following three-

steps procedure:

1t Step: Estimate a within-groups-transformed regression. Transform the model
[1.8] by pre-multiplying it by ng or Q, depending on the type of estimation (equation-by-
equation or system estimation, respectively) and estimate a regression with the transformed
model’’. This will yield #.; and sz‘-

Recall that using a within-groups transformation when estimating the model allows
to obtain consistent estimators for m and 3, at the cost of wiping out the unobservable
effects together with the dimension-invariant variables and the constant term. However, the
advantage of this approach is that any arising bias generated by the correlation between
endogenous and singly-exogenous dimension-varying regressors and the unobservable effects
is avoided. But this transformation is not enough to eliminate the correlation between the

endogenous covariates Y, and the stochastic error term €4, because their deviations from the

20Gee the following subsection for general estimators, and the Appendix 1.F for a discussion of several
alternative methods.
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individual means remain correlated, i.e. ngYg is still correlated with ngsg. An adequate
treatment for this simultaneity problem would require the use of instruments; the next
subsection presents alternative estimation methods accounting for this.

Consistency of the fixed-effects (within-groups) estimator for the system of simul-

taneous equations when the effects are fixed follows from Theorem 1.1:

Theorem 1.1 The mazximum likelihood estimators of m and 3 in

y=Yrn+XB+Zy+Zyp+ Z,u+e¢

are the same as the maximum likelihood estimators obtained from the system of equations

after a within-groups transformation, i.e.

Q,uy = Q,uYﬂ— + Q,uXﬁ + Q;ﬁ

when the effects p are assumed fized. Moreover, their covariance matrices coincide.

Proof. See Appendix 1.A. =

This result is also useful because estimating a within-groups-transformed regression
avoids the incidental parameters problem for linear panel data models while its asymptotic
properties remain intact?'. Moreover, the within-groups estimator is also efficient when the
"true model" is fixed effects, as shown in this theorem, and also stated in Cornwell et al.

(1992).

21Sece Neyman and Scott (1948). For a review of the literature on the subject, see Lancaster (2000). Tt
is worth mentioning that the incidental parameters problem remains in fixed-effects models for non-linear
panel data models, biasing the estimates because it is not possible to completly eliminate the unobservables
from the model. A long literature has developed around this problem: e.g. Heckman (1981), Vella and
Verbeek (1999), Honoré (2002), Lancaster (2002), Greene (2004), Arellano and Hahn (2006), Fernandez-Val
and Vella (2009), to name only a few.
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On the other hand, consistency of the within-groups estimator for the system of

simultaneous equations when the effects are random follows from Theorem 1.2:

Theorem 1.2 When the effects i are assumed to be random, the mazximum likelihood es-

timators of m and [ in
y=Yn+XB+Zy+ Zop+ (Zup+e)

are the same as the maximum likelihood estimators obtained from the system of equations

after a within-groups transformation, i.e.

Quy = Q“Yﬂ' + Q;LXB + ng-

Howewver, their covariance matrices differ.

Proof. See Appendix 1.B. =

This theorem ensures that the estimators of m and 8 wil be consistent even when
the individual-means of Y and X are correlated with the random effects. Nevertheless,
they will not be necessarily efficient because the within-transformation is neglecting the

between-groups variability, namely ai.

2" Step: Estimate a between-groups-transformed regression. Now, estimate a
regression using only the means for each individual obtained from the model [1.8], i.e. pre-
multiply it by P, if it is a single-equation or an equation-by-equation estimation, or by P,
when considering the entire system of simultaneous equations. Using the general estimators
proposed in the following sub-section or those developed in Appendiz 1.F may ease the work.

This will yield 7ve, Byos Vper and Pp,.



22

Contrary to 1%¢ Step, consistency (and unbiasedness) of the between-groups esti-
mators relies on the correlation between the regressors and the unobservable effects (asum-
ming the stochastic residuals have zero mean, or that a constant is included in the model).
When the effects (fixed or random) are correlated with the regressors®?, the between-groups
estimator will be biased and inconsistent. At least three alternative approaches are avail-
able: first, plain (biased) between-groups estimator; second, two-step regressions; and third,
instrumental variables. We analyze each one in turn.

The first approach takes the between-groups estimator as is. Recall that this
estimator is biased and inconsistent when the regressors are correlated with the unobservable
effects because the effects remain in the error after the between-groups transformation.??

In the present context (linear panel data models), the biases for each set of coefficients are

stated in the following Theorem:

Theorem 1.3 Assume that Y stands for the instrumentalized counterpart of Y such that

plim (ﬁ) Y’e = 0. When all the regressors are correlated with the unobservable individual-

specific effects, u, the biases of the estimated coefficients of the between-transformed linear
panel data model

—~

y=Yr+XB+Zy+ Zu+e

Z2When effects are assumed fixed, there are at least to alternative positions regarding correlation between
the regressors and the effects: (i) fixed effects imply that they will never be correlated with the regressors
(as explicitly stated in Krishnakumar, 2006); (ii) fixed effects are actually random variables containing
important information about the sample, according to the explanations of the previous section, and they may
be correlated with the regressors. The latter argument, which we assume, puts the accent on the importance
of those unobservable effects to understand the behavior of the sample; moreover, it may motivate obtaining
estimates of those effects.

ZNotice that EC estimators are also biased and inconsistent. This results from the fact that EC estimators
can be interpreted as a weighted sum of WI and BE estimators (with the weights reflecting the relative
amount of information contained in the within and the between variation), and the latter are biased and
inconsistent.
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are given by:

Bias (o) = —IXf+ Ly 1
Y Y Y

Bias (Bb ) = XY 7 X2y £
‘ M My © My

M M, ~ M
ZY oy 72X 8+ Zu
My My My

Bias (fA}/be) =

Proof. See Appendix 1.C. =

Note that the biases of 7., Bbe and 4;, contain three components each one: two
related with specific observed regressors accompanied by the respective coefficients, and
one accounting for the correlation between the endogenous regressor and the unobservable
effect. This implies that the unobservable effects bias the coefficients estimates through two
general channels: (i) directly, due to the omitted p in the regression, and (ii) indirectly, due
to the correlation of the regressors between them.

The second approach is based on two-step regression and concentrates in obtaining
unbiased and consistent estimators for v and ¢, as suggested by Hsiao (2002, Section 3.6),
Baltagi (2005, Ch. 2, and previous editions of the book), and more recently, with elegant
proofs, by Krishnakumar (2006). The first step obtains the within-groups estimators ;
and Bwi' With these estimators it is possible to generate a set of "within residuals", namely
U =Y—Y T —XBM = Zvy+inTp+Zyp+v. The second step estimates a reduced-between-
groups (R-BE) regression using the means across individuals of those within residuals as
the left-hand-side variable to obtain the estimates of v and (. Thus, using this two-step
procedure it is possible to obtain the estimators for all the coefficients in the model. How-
ever, it is easy to see that the estimators Y5_gp and ¢p_pgp are even more biased than the

plain between-groups ones. See Appendix 1.E for a detailed explanation.
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The third approach is based on instrumental variables estimators. Although the
use of instrumental variables, such as those proposed in the HT-type procedures, may help
to alleviate this inconsistency problem, in some cases it can be aggravated due to low quality
instruments, as shown by Stock and Yogo (2004): the worse part of this situation is that,
contrary to the researcher beliefs, the inconsistency problem persists (even worsening), and
the cost of this potential bias may be high. An additional problem with this approach is that
instruments may not always be available: when the number of doubly-exogenous regressors
is not enough to meet the rank conditions, obtaining estimates for the dimension-invariant
covariates is not possible, and the instrumental variables estimator becomes the within-
groups estimator. See Appendix 1.F for rank conditions for different instrumental-variables
estimators to exist.

We consider that our best set of estimators in this case comes from the (plain)
between-groups estimator, and these estimators will be used to obtain the pseudo-effects in

the next step.

3! Step: Estimate a pooled regression including the pseudo-effects as a new

regressor. In this step, we estimate the following pooled regression:
y=Ym+ XB+ Zy+inre + [Zufild + ¢ (1.9)

i.e., model [1.8] after substituting Z,p with [Z,f], which we call the pseudo-effects. The
pseudo-effects are a proxy for the "true" unobservable effects, and obtaining them is a critical
issue of the G3SPD estimation procedure. This step obtains the correct set of residuals that
are used in inference, confidence-intervals estimation, forecasting, etc. Without this step,

we only have dispersed estimates for the set of parameters in [1.9].
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The 1% and 2" Steps of G3SPD obtains two sets of estimators for 7 and /3, and one
set for v and ¢. We know that only 7,,; and sz’ are unbiased and consistent for sure (after
adequately controlling for simultaneity of Y'). The between-groups estimates are subject to
potential bias and inconsistency. To obtain the pseudo-effects we introduce a little trick:
our best estimates for m and 3 come from the within-groups regression (1%* Step), and
the less biased estimates for v and ¢ come from the between-groups regression (2"? Step).

Therefore, we use both sets of estimates to generate a proxy for the unobservable effects:
,[L = P;Ly - P;J,(Yﬁ'wz + Xﬁwz) - (Z:Ybe + Z@@be)

It is straightforward that fi = u — Bias(Z9, + ZyPpe), i-e. the proxy for the unobservable
effects, or the pseudo-effects, is a (potentially) biased representation of the "true" unobserv-
able effects. In the worst scenario, when all the dimension-varying and dimension-invariant
regressors are correlated with the effects, 4,, and ¢, are functions of P,Y'7 and P, X f3 too.
Thus, the bias is a function bias = Bias(P,Y, P, X, Z, ).

The form and size of this bias are very complicated to obtain and may require
a large amount of information, even if we assume very simple forms for the correlation
between the regressors and the effects (see Greene, 2002, Section 5.6). In fact, the bias de-
pends on (i) the degree of heterogeneity of the unobservable effects relative to the variance

of the stochastic error term, measured by p = Z

=N

, (ii) the correlation between the regressors

LIV

and the effects, and (iii) the correlation of the regressors one another. However, the good
news are that now that we are introducing this proxy (that is only a function of the re-
gressors and the effects of the current model), we are attenuating the bias generated by the

correlation between the regressors and the unobservables. Also notice that the coefficient
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¢ should be statistically equal to 1 whenever the pseudo-effects are consistent estimates of
the unobservable ones, which can be interpreted as a natural test of the adequacy of the
regressor [Z,fi).

The complexity of the problem at hand leads us to address the biasedness of
these 3" Step estimators using Monte Carlo Simulations, as explained in the next section.
Efficiency issues of the G3SPD estimator are developed in a companion paper (see Avanzini,

2010, and chapter 2, below).

1.4.3 Estimators for the G3SPD procedure

We now turn to the problem of finding a suitable set of estimators for each step
and for both approaches, equation-by-equation and system estimation. In what follows, we
propose general estimators that under general conditions are able to accomodate classical
estimation methods for panel data. The proposed estimators belong to the GMM class
inspired by Amemiya (1977) and are able to accommodate different sets of instruments for
different equations when needed?*.

Before presenting the estimators, some comments are in order. First, GMM es-
timators behave very differently in small versus large samples. While asymptotically they
have very desirable properties, their behavior in small samples is not clear. Many studies
tackle the small sample behavior using Monte Carlo simulations (see Podivinsky, 1999, for
a review of the literature), or bootstrap methods (e.g. Ramalho, 2006). Others have ob-

tained closed forms for the bias of the GMM estimators based on stochastic expansions and

ZParticular cases of the proposed estimators have been discussed in the literature, e.g. Schmidt (1988,
1990), Cornwell et al. (1992), Wooldridge (1996, 2002).
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generalized empirical likelihood (e.g. Newey and Smith, 2004). However, in the present
context is difficult to define small and large samples, and we adopt Monte Carlo simulations
to study the behavior of the estimators.

The second problem relates the well-known bias of the two-step (and iterated)
GMM estimators (Hansen, 1982). To avoid this problem, the proposed estimators below
are single-step GMM estimators. As Windmeijer (2005) pointed out, single-step GMM esti-
mators obtain unbiased and consistent estimators of the coefficients, though not necessarily

efficient ones. See Avanzini (2009) for details on the efficiency problem.

Equation-by-equation estimators

First consider the case of equation-by-equation (and single-equation) estimation.

A general expression for the estimator of a generic vector of parameters 6, is given by:
; -1
Hg = [R;WQIP[Ang]WgRg] R;W;P[AQ,BQ]Wgyg (110)

where R, is the set of regressors included in the model, W, is a weighting matrix, and
P4, B, is the projection matrix of instruments. The set of instruments [A4, By is capable of
arranging instruments for both dimension-varying, A4, and dimension-invariant endogenous
regressors, B,. The weighting matrix W, allows for heteroskedasticity of various forms and
model transformations.

A general expression for the (homoskedastic) covariance matrix of 99 is given by:

/
99

2

~2 _ (al A . . . A - N .
where 6, = (£,8,)/dof is a consistent estimator for oy, £, = Wyy, — W R,0, is a consistent
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estimator for €4, and dof stands for the degrees-of-freedom adjustment?®.

Depending on the choice of the weighting matrix and the set of instruments, this
estimator can accomodate most of the classical panel-data estimators. For example, when
instruments are not required, set P4, p,) = In7. By changing the definition of Wy we can
obtain several estimators: if W, = In7, we get the traditional OLS estimator; if W, = Q;g%
we have the GLS estimator with Qgg being a consistent, not necessarily efficient, estimator
of the covariance matrix. Moreover, setting W, = ng we get the within-groups estimator,
while setting it to P, we obtain the between-groups estimator (BE). Extensions to account
for special estimators of the covariance matrix such as the case of error-components models
are straightforward. On the other hand, if instruments are required and available, we

can obtain two-stage least-squares estimators in the spirit of Hausman and Taylor (1981),

Amemiya and McCurdy (1986), and Breusch et al. (1989). See Appendix 1.F for details.

System estimators

Estimating a system of equations allows us to avoid the loss of information im-
plicit in equation-by-equation estimation. In fact, efficiency gains in system of equations
estimation are the result of non-neglecting cross-equation correlations of the disturbances.
However it must be emphasized that the consequences of model misspecification when esti-
mating the whole system are more harmful than when estimating it equation by equation:
a misspecified equation contaminates the entire system and all parameters might be biased,
while estimating it equation by equation only affects the misspecified equation keeping the

other estimated equations unaffected.

258ee Theorem 5.2 and Egs. 5-25 to 5-27 in Wooldridge (2002), and Section 5.4 in Greene (2002).
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An extension of the previous estimator to systems of equations is given by:
. -1

with

Py = A(ASA) A

where Y is a consistent estimator of the covariance matrix. This estimator is capable of
arranging different sets of instruments in different equations, as well as different covariance
estimators for the whole system of equations®0. The set of instruments [A, B] is a block-
diagonal matrix with each block containing the proper set of instruments for each equation.
The covariance matrix is:

~ —1
Oy = [RW'B; W]

with
Py = AA'SA)TA
The residuals, € = Wy — W RO, are arranged in a NT x G matrix, i.e. & = [£1,89,...,E¢g].

Asymptotically, 3= ¥, though in small samples they can differ.

As stated, this general feasible estimator is capable of accomodating other classical
panel data system estimators such as pooled 3SLS (set W = Ign7, obtain an estimator of
the covariance matrix from 2SLS: ¥ @ Iy7, and define the set of instruments as [A, B] =

Ie @ (X, xP, xP, 2, 72 789 1nr]). The FE system estimator obtains if setting

268ee Cornwell et al. (1992), Hsiao (2002), Wooldridge (2002), Baltagi (2005), among others, for a detailed
explanation on the procedure to obtain consistent estimates of X.
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W = @, covariance matrix to Y ® @, and the set of instruments as [A,B] = Ig ®

Qu, X ;1)’ X, 552) , X ;3)]. See Appendix 1.F for details and extensions to EC and HT estimators.

1.4.4 Differences between the G3SPD estimator and other available es-

timators

Even when the G3SPD estimator incorporates information from within and be-
tween estimators (1% and 27¢ steps), it follows a different logic from that of EC or HT
estimators. Following Maddala (1971), Baltagi (1981b, 2005), we can establish that the
G3SPD estimator weighs equally the within and between estimators, coinciding with the
OLS estimator after including the pseudo-effects. This differs from error-components and
Hausman-Taylor-types estimators which are weighted sums of within and between estima-

tors, where the weights are given by the inverse of their corresponding variances.

Theorem 1.4 The G3SPS estimator assigns equal weights to the within and between es-
timators, after including the pseudo-effects as a regressor, while the error-components and
Hausman-Taylor-type estimators weigh the within and between estimators according to the

inwverse of their corresponding variances.

Proof. See Appendix 1.D. =

Contrary to other approaches (e.g. see Hausman and Taylor, 1981, section 2.3;
Baltagi, 2003, section 2.2; Pliimper and Troeger, 2007), the G3SPD estimator does not
decompose the panel effects. Instead, it obtains an estimator of the effects, the pseudo-
effects, from the residuals of a fitted model that combines within and between estimates of

the coefficients. In this case, the weights assigned to the within and between estimators are
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not related with the variances, as in EC and HT estimators, but according to the following

arrangement:

Proposition 1.1 The pseudo-effects give weights equal to 1 to the within coefficients, weights
equal to 0 to the corresponding between coefficients, and weights equal to 1 to the remaining

between coefficients.

1.5 Evaluating Bias Performance

Our aim is to compare the performance of G3SPD and HT estimators in terms
of bias because, as discussed before, HT estimators are the available (and suggested) al-
ternative to handle the problem of interest. We also evaluate the bias of other alternative
popular estimators such as Pooled OLS, FE and BE estimators, and EC with different vari-
ance estimators. Estimators are applied to both fixed-effects and random-effects models.

We use Monte Carlo simulations to evaluate the bias performance of the estimation
techniques, because by creating a controlled environment, they allow us to focus only on
those specific problems we want to analyse. Moreover, we can check the behavior of different
estimators applied to the same dataset. Finally, and more importantly, we can study the
performance of the G3SPD (and the other estimators) in small samples, being possible to
cover panel-data and time-series-cross-sections datasets.

We use three measures to evaluate the performance of the estimators: bias (mea-
sured as the mean absolute deviation of the estimated coefficients relative to the true para-
meter), variability (measured by the standard deviation of the estimated coefficients), and

the root mean squared error (RMSE). In what follows, all the measures are presented in
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percentages.

1.5.1 Simulations setup

We run experiments for a system of two equations, i.e. G = 2, which is sufficient
for evaluating bias performance. The i*" individual during the ¢** period obeys the following

system of simultaneous equations:

yiit = Youmi + X1itB11 + X2itB1o + X3itB13 + (1.12a)
+21i711 + Z2iY12 + 1+ My Tt €L
y2it = Yiimo + X1itBo1 + XaitBoyg + XsitBos + (1.12b)

+Z1iv21 + Z3iv23 + pa T i + €2t

Note that X; and Z; are doubly exogenous variables common to both equations, while X5,
X3 and Zs only appear in equation [1.12a]. X5 is a doubly exogenous variable and X3 and
Zy are singly exogenous variables. Likewise for X4, X5 and Z3 in equation [1.12b].

The 7 coefficients were obtained from a U[—1, 1], while the remaining ones came

from U[0, 1] * 15. The selected coefficients are:

7 = .055 Pru=8  fr2=2 fiz=5 yu=7 712=5 ¢ =38
mp=—02  fy =12  Pou=T7 fos=3 =06 73=5 =4
To study the small and large sample properties of the estimators we vary sample
sizes over N (20, 60,200) and 7" (15,30, 50). This yields nine cases allowing to study time-
series cross-section (small fixed N, large T') and panel (large N, fixed small T") asymptotic

behavior. However, due to computing limitations, for N = 200 we only run experiments for
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T = 15. Each experiment was replicated 1000 times®7.

The regressors were generated following Nerlove (1971a), Im et al. (1999) and

Baltagi et al. (2003) as:

Starting Values Data Generating Process
X141 = (1:3)1;12)% + (1%1',5) X1it = 0.5X1it-1 + @1 + Ny
Xoi1 = (1_%2;12)% + (lfzofz) Xoit = 0.2X9it—1 + @9; + Mot
Xsi1 = (1_723.2'712)% + (1537) Xzit = 0.7X3i0—1 + py; + N34
Xain = (17%4;12)% + (1%’:2) Xait = 0.2X i1 + Gui + Nz
X5i1 = (1_%5.1'712)% + Xpit = 0.7X500-1 + Ho; + N5it

Z1i =&y

Z9i = py; + &g

Z3i = po; + &3

where ¢ji,77jitasz' ~ U[-2,2] Vj.

Regarding the individual effects, we focus on two designs:

1. Fized-effects case, where p follows p, ~ N (O,ai) Yg = 1,2, which implies that for

the whole set of 1000 replications the set of p is kept fixed.

2. Random-effects case, where p follows pgp; ~ N (0,0'Z) Yg=1,2;k=1,...,1000. This

means that we have a set of u for each replication.

In both cases, the stochastic error terms follow €41 ~ IV (O, ag) Vg =1,2.

2"Notice that for N = 200 and T = 15, estimating an experiment (1000 replications) takes about 62 hours
using MATLAB R2008b’s optimized set of commands to handle matrixes, running on an Intel Core 2 Duo
CPU at 2.00 GHz with 3 Gb of physical memory. We run 77 of such experiments. Bigger panel datasets
should be estimated using loops, a very slow processing strategy. Most of the experiments were conducted
using MATLAB R2007b running on the following machines: an Intel Core 2 Duo CPU at 3.00 GHz with
3.25 Gb of physical memory; an Intel Core 2 CPU at 1.86 GHz with 1.00 Gb of physical memory; and an
Intel Pentium IV CPU at 3.00 GHz with 2.00 Gb of physical memory.
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Following previous literature, total variance for each equation is fixed at o2 =

ai + 02 = 3. The degree of heterogeneity of the effects as measured by p =

=

varies
g

LI

over the following eleven values: 0,5, 4,1 1 1235 119 "Thig allows us to study how

the correlation between the unobservable effects and the regressors affects the bias of the
estimators. It is apparent that X3, Zs, and p; are correlated, likewise X5, Z3, and po.
However, when p = 0, individual effects are absent from the model, and we only have Y;
and Y3 as endogenous regressors due to their correlation with e. Accordingly, variables for
equation [1.12a] are classified as X£1) = [ X1, X9, X£2) = Xs, Zfl) = 74, Z£2) = Z5, and
for equation [1.12b], as X2(1) = [X1, X4], X2(2) = X, Zél) =71, ZSQ) = Z3. We also identify

)

two additional sets of variables for each equation, namely Xg(,g) and Zé?’ , which contain

the variables excluded from equation g that can be used as instruments. Hence, we have

X® = (x4, X5], 29 = 75, X = (X0, X3), Z8¥) = 7,

1.5.2 Results

To understand the behavior of the estimators relative to sample sizes, heterogene-
ity of the unobservable effects, and assumptions about the "nature" of those effects, we
turn to Figures 1 to 6, that display the results on the estimation for the parameters of
the endogenous and singly exogenous regressors (time-varying and -invariant) correspond-
ing to equation [1.12a]?%. We consider only the most relevant estimators in this context:
G3SPD, OLS, ECC, and HTM. We present the equation-by-equation and system estima-

tion in columns 1 and 2 of each Figure, respectively. Each three-dimensional chart shows:

Z8Results for equation [1.12b] are similar. These results, as well as the corresponding ones for the remaining
estimators derived in Appendix 1.F, are not presented here for the sake of brevity though they are available
upon request from the author.
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the relative bias of the estimator (in absolute terms, such that higher values imply more
biased estimators); the heterogeneity of the unobservable effects (i.e. Rho, that represents
different levels of p = O'Z /o2 where higher values imply higher heterogeneity of the effects,
while p = 0 implies no effects at all); and sample size (refered to as (IV,7')). Notice that
discrete changes in (N, T") favors non-smooth changes in the surface (i.e. the "peaks" and
"valleys" that can be observed in the charts). To facilitate comparisons, the vertical axis

scale of all charts has been fixed to 0%-20%, while the color scale ranges from 0% to 35%.
[Insert Figures 1 and 2 about here/

Observe that the bias of the estimated parameters obtained by G3SPD is the
lowest in all cases as compared with the other reported estimators, both in the fixed-
effects and the random-effects cases. Also, as expected, equation-by-equation and system
estimations do not differ significantly except for the HTM estimator, probably due to the
system contamination that the weak instruments may be generating. The behavior of the
G3SPD estimator relative to the sample size follows the (asymptotic) intuition: it quickly
declines with increasing sample sizes; but interestingly enough, it appears to be no difference
between augmenting NV or 7" in terms of bias improvements. Regarding the heterogeneity of
the effects, note that for the endogenous variable (first row in Figures 1 and 2), the bias is
higher for lower levels of p which can be explained by the corresponding increasing size of ¢,
which originates the simultaneity bias. Thus, as the uncertainty associated with the effects
increase, the simultaneity bias (for a fixed level of aggregated uncertainty) lessens, reflecting
the way the G3SPD estimator is controlling for the p’s. On the other hand, the increasing
importance of p (in terms of uncertainty) biases more the estimates of the coefficients

of the dimension-invariant variables (see Figures 3 and 4). Finally, the best bias control
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is associated with the dimension-varying singly-exogenous variables, which are correctly
handled in the first step of the method using a within-groups estimator: as previously
demonstrated, in all possible schemes of correlation, the coefficients associated with these

variables are adequately obtained using within-groups estimators. See Figures 5 and 6.

[Insert Figure 8 and 4 about here]

Consider now the behavior of the Pooled OLS estimator which we know that
under the current setup yields biased and inconsistent estimates. However, we use it as
a benchmark in view of its simplicity and popularity. The results for this estimator are
reported in the second row of each Figure. If we focus on the bias of the estimators of the
coefficients associated to the endogenous variables, we can observe that the OLS estimators
appear to be severely biased which of course is due to the fact that the estimator does not
account for endogeneity and simultaneity: note that the bias is as high as 20% in small
samples, and even when the sample is large, the bias can be substantial for low p’s; see the

second row of Figures 1 and 2). When there are no unobservable effects, p = Z

= o

= 0, the

M |

correlation between the stochastic error and the endogenous variable remains, given that
the bias arises from this correlation only. For higher levels of p, the correlation between
the endogenous variables and the unobservables increases, while the correlation with e
diminishes in relative terms. The bias caused by the correlation between the endogenous
variable and the unobservable effects tends to dissipate due to the presence of the singly
exogenous regressors which are correlated with the unobservable effects. Collinearity among
the regressors due to a common component, p, generates this result. Observing the bias
of the pooled OLS estimator of the coefficients of Zs and X3 reported in the second row

of Figures 3 and 5 for the FE case, and Figures 4 and 6 for the RE case, it seems to be
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a sort of "crowding out" of the bias associated with higher p. On the other hand, when
considering the OLS system estimator for Y5 (Figures 1 and 2), we can see that since we
are using a set of instruments in the spirit of a three-stage least-squares estimator, the bias
associated to the endogenous variable attenuates. The remaining bias is attributable to the
correlation between the endogenous variable and the unobservable effects rather than to the
low quality of the instruments. Sample size responds to classical panel data asymptotics:
important changes in bias accounted for by important changes in N, while changes in T

have no major impact.

[Insert Figures 5 and 6 about here]

ECC estimators, depicted in the third row of each Figure, do not account for the
endogeneity problem regarding p but they use instruments to deal with the simultaneity
bias due to €. This estimator is equivalent to OLS with a heteroskedasticity correction,
so the above mentioned conclusions on the bias and consistency of the estimators of the
coefficients should not be affected by this improvement. However, the bias of the estimator
associated with Y decreases for all p reflecting the role of instruments in controlling the
bias arising from the correlation between Y and e.

HT estimators have been widely accepted as a solution to the problem of endogene-
ity and dimension-invariant variables. These estimators nevertheless are an ECC estimator
and, as discussed, may be strongly biased in the current setup. HTM estimates for the
coefficient of the endogenous variables in Figures 1 and 2 are increasing in p, decreasing
with the sample size, and between 8 and 13 times the bias of the G3SPD estimates (on
the contrary, the G3SPD estimator becomes less biased with increasing p and in larger

samples). This can be interpreted as the result of an inadequate set of instruments: the set
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of instruments used by HT estimators is not enough to overcome the bias generated by the
correlation of the endogenous variables with the unobservable effects?”. In fact, looking at
Figures 5 and 6, we arrive to similar conclusions regarding the estimators of the coefficients
accompanying X3, though with lower bias given that this variable is only correlated with
the unobservable effects. It seems to be the case that the set of instruments used by the
HTM estimator is uncapable to account for both sources of endogeneity; moreover, in the
fixed-effects case, it exacerbates the bias because it does not account for the true structure
of the model, i.e. the existence of fixed effects. In that case, while the bias of the G3SPD
estimator diminishes quickly with the aggravation of the correlation problem, the bias of
the HTM estimator increases with p.

Although the graphical inspection is intuitive and allow us to form a general idea
of the behavior of the bias of these estimators, it neglects an important issue: the trade-off
between bias and variability. In general, the root mean square error (RMSE) is suggested
as an adequate measure of this trade-off, interpreting the lower values as indicators of
better quality estimators. Nevertheless, this trade-off comprises several features that are
sometimes ignored: (i) a given RMSE value may represent low bias-high variability or high
bias-low variability, changing from estimator to estimator, and from sample to sample;
(ii) reliability of the RMSE depend on the sample size, the presence of outliers, and the
particular configuration of the sample. When the estimators persistently control bias to the
detriment of variability, or viceversa, the RMSE is no longer an adequate measure of the

trade-off. These problems motivate us to study not only the bias, but also the variability

9Notice that there is also a quality problem associated with the instruments that is known as the "weak
instruments" problem. Stock and Yogo (2004) discuss this problem and point out the effect that weak
instruments may have on biasing the estimation of the coefficients.
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and the RMSE.

The first observation regards the information the RMSE is contributing: when
the researcher needs to choose a methodology, in the present context, the RMSE appears
not to be as informative as expected; moreover, it could lead the practioner to choose, for
example, the OLS estimator based on the results for the endogenous set of variables at the
cost of highly biased estimates of the parameters (that in our simulated example can be as
high as 20%). In general, the RMSE appears to be closely representing the variability of
the estimates: when the estimates are highly volatile, the RMSE tends to overrepresent the
role of the variability to the detriment of the bias; thus highly biased estimates may remain
undercover by the behavior of the variability.

An important feature of the G3SPD estimator is that it performs well irrespective
of whether the model contains fixed- or random-effects, while the error-components-based
estimators (i.e. ECC and HTM) and Pooled OLS behave better when the model contains
random-effects, as can be concluded from the results. Thus, from an estimation perspective,
the assumptions about the type of effect appears to be irrelevant.?”

For the sake of completeness, some comments follow regarding the estimation of
the coefficients of X;l), Zg(l), and ¢ . The G3SPD estimator obtains less biased estimates
for those coefficients than the other methods, particularly HTM, for both fixed-effects and

random-effects cases. Again, system contamination worsens the HT'M estimators for the

entire system of equations.>! Though this is not the focus of this chapter, it is worth noting

30This means in no way that for inference, prediction, or economic interpretation, the distinction between
fixed and random effects is not important. The point is that when estimating a model with the G3SPD
estimator, the discussion is not centred anymore on the methodology associated with the assumptions about
the unobservables, but on conditioning or not on a set of (estimated) effects, as we do with other variables
in the model.

31Fjigures and tables for these coefficients are available upon request from the author.
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that according to the simulation outcomes, estimates for the unobservable p obtained from
G3SPD procedures are strongly consistent for both fixed-effects and random-effects cases,
as infered from the unbiasedness of the estimates of the parameter ¢ (introduced in the third
step of the G3SPD estimator as in model [1.9]). One advantage of having an estimate of
the unobservable effects is that they can be used later in models as a proxy for unaccounted
events and characteristics of the observations (e.g. see Bulkley et al., 2004; Jensen and

Webster, 2009).

1.6 Three Classical Examples, Revisited

In Section 1.2, we illustrated the problem at hand with three textbook-examples.
Now we apply the G3SPD estimator to each of these problems to evaluate the behavior of
the estimator as compared with other estimators used in the corresponding articles.

To evaluate the impact of the differences in the estimated coefficients, we look
at the behavior of the fitted models: better estimates should imply better fitting of the
data. In general, we find that the G3SPD set of estimates outperforms the other methods
suggested in the original articles, showing in all cases a sensible lower bias in terms of fitted
data. In what follows, we revisit each example in turn. In Subsection 1.6.4, we perform
an empirical exercise to verify the behavior of the G3SPD estimator when the correlation
of the regressors and the unobservables is due to omitted variables. We use the returns to

schooling example as the benchmark model.
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1.6.1 Gravity Model of Bilateral Trade Flows

Serlenga and Shin (2007) estimated a general gravity equation of bilateral trade

flows of the form:
RTTE,: = ,BIXit+’YIZi+Eit,i:1,...,N,t:1,...,T
git = 0+ 0+ ui

where the index ¢ represents each country-pair (home-foreign), and ¢ represents time. The
sample covers bilateral trade flows for 15 EU member countries (Austria, Belgium, Den-
mark, Finland, France, Germany, Greece, Ireland, Italy, Luxemburg, Netherlands, Portugal,
Spain, Sweden, United Kingdom) forming 91 country pairs (N = 91). The annual data cov-
ers a period of 42 years (T = 42), from 1960 to 2001.

The variables RTT F;;, X;+, and Z; are defined as a combination of features of the
countries in each pair.?? The dependent variable, RT'TFj;, corresponds to the logarithm of
real total trade flow between any two countries. The time-varying variables, X;;, are all in
logs (except for the dummy variables) and include the bilateral real exchange rate (RER),
real output (GDP), the absolute value of the difference between per capita GDPs of trading
countries (RLF), an index that captures the relative size of two countries in terms of GDP
(SIM), a dummy variable that is equal to one when both countries belong to the European
Community (CEFE), and a dummy variable equaling one when both trading partners adopt
the same currency (EMU). On the other hand, the time-invariant variables, Z;, include
the logarithm of the geographical distance between capital cities (DIST'), a shared border

dummy that is equal to one when the trading partners share a border (BOR), and a common

32Gee Serlenga and Shin (2007) for details on the construction of the variables. The dataset is available
for download from the Journal of Applied Econometrics web site.
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language dummy (LAN) that has a value equal to one when both countries speak the same
official language. Finally, the model captures the time-specific effects using a set of 41 time
dummies (1960 is the base year) corresponding to 6.

We estimate two versions of the same model, including and excluding the time
dummies. Table 1 shows the results for the model specification that does not control for
time-specific effects. The first 6 columns resemble those in Serlenga and Shin (2007) and
were estimated for comparative and verification purposes. The last column shows the es-
timates obtained using the G3SPD estimator. Even when most of the coefficients are very
similar to those reported by Serlenga and Shin, three important differences emerge. First,
the variable of interest, L AN;, appears to be non-significant implying that speaking the same
language (indirectly, sharing similar cultural and historical backgrounds between trading
countries) does not improve bilateral trade flows. This conflict with Serlanga and Shin’s
results. Second, the negative impact of the distance between capital cities (capturing trans-
port costs) appears to be more strong and significative than reported in the article. Finally,
even when inference issues are out of the scope of this chapter, notice that the standard
errors of the time-invariant variables shrink relative to those reported by other methods.?3
In Figure 7, we depict the original RTT Fj; series for four country-pairs: Belgium-France,
Netherlands-Sweden, Austria-Italy, and Denmark-Greece. The combinations of country-
pairs account for cases different alternatives of common language and common border. As
can be seen, while the G3SPD fitted data closely resembles the original data series, the

Hausman-Taylor-type estimators present the poorest fitting.

33In a companion paper, Avanzini (2010), we show that such standard errors are more accurate than those
reported by other methods, contributing to improve inference.
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[Insert Table 1 and Figure 7 about here/

The remaining estimations, corresponding to the model that controls for time-
specific effects, are reported in Table 2, even when the coefficients corresponding to the 41
time dummies are not reported there for the sake of brevity. Again, coefficients obtained
by the G3SPD estimator and compiting Hausman-Taylor-type estimators appear to be very
similar for the time-varying regressors, while important differences arise in the coefficients
accompanying the time-invariant variables. For example, while DIST; appears to be non-
significant under HTM, it is negative and significant at 1% implying distance (v.g. transport
costs) may be imposing important barriers to bilateral trade. Having a common border is
not relevant under the HTM estimation while significant at 1% and positive under G3SPD.
Finally, having a common language is again non-significant, conflicting with Serlenga and
Shin’s findings. Figure 8 depicts the corresponding original series and fitted model for the
previous pair of countries under the current model. The G3SPD estimates again produce a
superior fitting of the data when compared to the other reported methods.

[Insert Table 2 and Figure 8 about here/

Even when the coefficients of the time-varying variables are very similar under
various estimation approaches, the G3SPD estimator is by far more reliable in obtaining

the coefficients (and fitting the data) for the time-invariant regressors.
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1.6.2 Economics of Crime

The second example comes from Cornwell and Trumbull (1994) and Baltagi (2006).

They estimate a crime model using the following specification:

Rit:ﬁ/Xit—i-’y/Bt—l-Oéi—l-&‘it,i:1,...,N;t:1,...,T,

where R; is the crime rate, X;; contains variables which control for the relative return to
legal opportunities, as well as other observable county characteristics that may be correlated
with the crime rate, and P;; contains a set of deterrent variables which proxy for the
probability of arrest (PA), the probability of conviction (usually conditional on arrest)
(PC), the probability of imprisonment (usually conditional on conviction) (PP), and the
severity of the punishment (5). The «; are fixed effects which reflect unobservable county-
specific characteristics that may be correlated with [X;;, P;;]. The annual data corresponds
to 90 counties in North Carolina over the period 1981-1987.

The variables used in the estimation are the following: the crime rate, Rj, is
the ratio of FBI index crimes to county population, while the probability of arrest, PA,
is proxied by the ratio of arrests to offenses (PRBARR). Individuals’ perceptions of the
probabilities of conviction and prison, PC' and PP, are proxied by the ratio of convictions to
arrests (PRBCONYV) and the proportion of total convictions resulting in prison sentences
(PRBPRIS), respectively. The sanction severity, S, is measured by the average prison
sentence length in days (AVGSEN). The number of police per capita (POLPC) is included
in the control vector X as a measure of a county’s ability to detect crime. Opportunities
in the legal sector are captured by the average weekly wage in the county by industry:

construction (WCON); transportation, utilities and communications (WTUC); wholesale
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and retail trade (WT RD); finance, insurance and real estate (W EIR); services (WSER);
manufacturing (WM FG); and federal, state and local government (WFED, WSTA and
WLOC). County characteristics include population density (DENSITY'), the proportion
of county population that is male and between the ages of 15 and 24 (PCTY M LE), along
with the proportion that is minority or nonwhite (PCTMIN). The latest variable is time-
invariant, as well as W EST and CENT RAL, two dummies that capture regional or cultural
factors that may affect the crime rate in western and central counties. Also a dummy
variable, URBAN, accounts for counties with populations over 50,000. All the non-dummy
variables are used in logarithms in the estimation. The model also includes time-specific
effects that are captured by time dummies (base year is 1981). However, in our presentation
we concentrate in the simpler model, without accounting for time-specific effects.

According to Cornwell and Trumbull (1994), the estimation must control for both
sources of endogeneity, i.e. conventional simultaneity relating PRBARR and POLPC, and
neglected heterogeneity (unobservable country-specific characteristics). Conventional error-
components and OLS estimators are biased in this context. Because of that the authors
use FE2SLS which allow for instrumental variables to control simultaneity bias, and fixed
effects to control for neglected heterogeneity. The problem with their estimation outcomes
is that none of the coefficients appear to be significant missing the policy objective of finding
the determinants of crime (see Table 3, column 3, which corresponds to the chosen model).

[Insert Table 3 about here/

On the other hand, Baltagi (2006) takes the same dataset and applies a EC2SLS

which resulted in much of the deterrent variables to be significant (except for severity of



46

sanction). Baltagi argues that the problem is that Cornwell and Rupert (1994) discarded
the error-components model because they use a Hausman test to select the model. This test,
according to Baltagi, may be biased if there are endogenous regressors present. Instead,
using an extension of the Hausman test to compare FE2SLS and EC2SLS (see Baltagi,
2004), he finds that the EC2SLS is not biased and that it is the suitable estimator for
this problem. Results of Cornwell and Rupert (1994) and Baltagi (2006) estimations are
reported in Table 3 for comparative purposes.

However, when we apply the G3SPD estimator to the same dataset Baltagi (2006)
uses, we find that, coincident with Cornwell and Rupert (1994), the none of the coefficients
are significant except for some time-invariant county characteristics (namely, CENTRAL
and PCTMIN). See Table 3, column 7. To see why this difference arise, we plot the fitted
values for the logarithm of county crime rate in Figure 9 as obtained from the estimation
coefficients reported in columns 6 and 7 of Table 3. The 45-degree line represents perfect
fitting, while values below that line indicate that the fitted crime rate is below the actual one.
As can be observed, while the G3SPD fitted values lie along the 45-degree line, the EC2SLS
fitted values gathered in a cloud lying right below the 45-degree line. This indicates that
the EC2SLS estimates are systematically downward biased.?* The resulting problem here
is that policymaking may be conducted by these outcomes, expecting important reductions
in crime rate that are not feasible in the real world. The reasons for this non-significance
of the coefficients may rely on multicollinearity among the regressors (for example, those

relating wages), or an inadequate use of the deterrent variables.??

34Recall the information shown in Figure 9 corresponds to the fitted values of the logarithm of the crime
rate. Hence, more negative values correspond to smaller positive (between 0 and 1) values.
35Multi-level or hierarchical modelling may help to disentagle the relationship between variables that are
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[Insert Figure 9 about here]

The bottom line here is that even when asymptotic properties of tests (such as the
extended Hausman test suggested by Baltagi, 2004) and estimators (such as EC2SLS sug-
gested by Baltagi, 1981) may be appealing, in small samples the behavior of the estimators
can differ largely, and the G3SPD is able to overcome these problems as it emerges from

this example.

1.6.3 Wage Equations and Returns to Schooling

Our last revisited example comes from a long tradition in empirical microeco-
nomics: the estimation of Mincerian wage equations and returns to schooling, experience
and other observable characteristics of the individuals. The results of these estimations
have been widely used to conduct human capital policymaking and to evaluate educational
and training programs.

Even when many models have been estimated, we concentrate on Cornwell and
Rupert (1988), and a replication by Baltagi and Khanti-Akom (1990). Both articles fo-
cus on determining the efficiency gains of estimating the wage equation using different
assumptions under the Hausman-Taylor approach. Different assumptions on the correla-
tion structure between observables and unobservables lead to different sets of instruments
(e.g. the modified-Hausman and Taylor set, the Amemiya and McCurdy set, the Breusch,

Mizon and Schmidt set, etc.). The Mincerian wage equation they estimate is the following:

log(wagey) = B’Xi(tl) + 6/Xi(t2) + V'Zi(l) + O’ZZ@) +ei,i=1,...,N;t=1,...,T

Eit = Qi+ N+ Ui

relevant in different circumstances.



48

where, as before, Xi(tl) are the doubly-exogenous dimension-varying variables, XZ(E ) are the
singly-exogenous dimension-varying variables, Zi(l) are the doubly-exogenous time-invariant

)

variables, and Zi(2 are the singly-exogenous time-invariant variables. They assume the sto-
chastic error has three components: an individual-specific effect, a time-specific effect, and
a totally stochastic component. The problem is that the individual-specific effects may
include non-observed characteristics such as ability, ambition, family background, etc. The
correlation between the years of education attended and these unobservable characteris-
tics are a major concern because the measured returns to schooling may be biased, and
more important, the direction and magnitude of such bias are unknown.?® The dimension-
varying variables include years of full-time work experience (EX P) and its square (EX P2),
weeks worked (WK S), occupation (OCC = 1, if the individual has blue-collar occupa-
tion), industry (IND = 1, if the individual works in a manufacturing industry), resi-
dence (SOUTH =1, SMSA = 1, if the individual resides in the south, or in a standard
metropolitan statistical area), marital status (M S = 1, if the individual is married), and
union coverage (UNION = 1, if the individual’s wage is set by a union contract). The
dimension-invariant variables account for gender (FFEM = 1, if the individual is female),
ethnics (BLK = 1, if the individual is black), and years of education (ED). The sample
is a panel of 595 individuals observed over the period 1976-1982 drawn from the Panel

Study of Income Dynamics (PSID), collected by Baltagi and Khanti-Akom (1990), and

made available by the Journal of Applied Econometrics.

36Contradictory evidence on the direction and magnitude of the bias have been reported repeatedly. For
example, see Chamberlain and Griliches (1975), Griliches (1977), Chamberlain (1978), Griliches et al. (1978),
Griliches (1979), Hausman and Taylor (1981), among others. Griliches (1977) presents a very complete review
of the topic.
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We first analyze Cornwell and Rupert’s suggestion. They assume that X Z(tl) =
{(WKS, SOUTH, SMSA, MS}, X! = {EXP, EXP2, OCC, IND, UNION}, ZzV) =
{FEM, BLK}, and ZZ@) = {ED}. This leads to a set of estimates that are reported in
Tables 4 and 5, with and without controlling for time-specific effects, respectively. According
to Cornwell and Rupert (1988), important efficiency gains are obtained as they move from
the HTM to the HTAM to the BMS estimator. These efficiency gains are more apparent
for the time-invariant coefficients. When we apply the G3SPD estimator, we find that the
coefficients accompanying the time-variant variables are very similar to those reported under
different estimators. However, very important differences emerge for the time-invariant
determinants of wage. First, the returns to education obtained by G3SPD are about 30% of
those obtained using Hausman-Taylor-type estimators, even when we control for time effects.
In fact, the return to schooling under G3SPD is very similar to that of OLS under both
estimation approaches. Second, the gender gap is is more pronounced when estimating the
models with the G3SPD estimator: without controlling for time effects, the gap increases by
about 130%; when accounting for time effects, the gap increases by around 40% on average.
The opposite effect can be observed for the ethnics gap: afroamerican people receives around
25% less salary on average (depending on the considered HT method) versus 15.8% under
G3SPD, when we do not account for time-specific effects. Differences narrow when time
dummies are introduced in the estimation (see Table 5).

[Insert Table 4 and 5 about here]

Which is the impact of these differences in estimated coefficients? In Figure 10,

we plot the cumulative distribution of the absolute bias of the fitted values of the log of
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the real wages for the models reported in Tables 4 and 5. Given that each curve indicates
the cumulative frequencies of the absolute bias of the fitted values, the quicker a curve
accumulates, the less the total bias. As can be see in both panels of the figure, while G3SPD
is the estimator that more rapidly accumulates bias, the HT family of estimators and GLS
are the more chronic ones. In other terms, G3SPD first-order stochastically dominates the
other estimators in terms of absolute bias, which implies that the mean absolute bias is the
smaller for the set of estimators plotted in Figure 10.

[Insert Figure 10 about here]

Baltagi and Khanti-Akom (1990) also notice that the assumption about the singly-
exogeneity of some of the regressors may be affecting not only efficiency but more impor-
tantly they may be biasing the coefficients. Hence, they suggest, estimate and test the same
model but assuming the following arrangement of singly- and doubly-exogenous variables:
x) = {occ, SOUTH, SMSA, IND}, X?) = {EXP, EXP2, WKS, MS, UNION},
ZZ.(l) = {FEM, BLK}, and Zi(2) = {ED}. This lead to different sets of instruments than
those used by Cornwell and Rupert (1988). Moreover, they find that using all the avail-
able instruments under BMS may generate biased results because not all instruments are
exogenous. With these new assumptions, Baltagi and Khanti-Akom estimate the same two
versions of the wage equation, i.e. with and without controlling for time-specific effects,
which we report in Tables 6 and 7, respectively, for comparative purposes. We do the
proper applying the G3SPD estimator to the same models and report the results in the last
column of each of those tables.

[Insert Tables 6 and 7 about here]
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While the G3SPD estimates appear to be similar to those reported in Tables 4 and
5, HT-type estimators are different, specially for the time-invariant regressors. While the
returns to education are now lower than before, even when controlling for time effects, the
coefficient of ethnic discrimination increases in absolute terms while the gender gap shrinks.
Even when Baltagi and Khanti-Akom (1990) explain the gains of changing the assumptions,
when we look at the cumulative distribution of the absolute bias of the fitted values of the
log of the wages, as we did before, we find that such changes do not help to narrow HT-type
estimators bias (see Figure 11). Again, the G3SPD first-order stochastically dominates the
other estimators in terms of absolute bias.

[Insert Figure 11 about here]

Notice that changes in the assumptions about exogeneity of the regressors can
have important impact on efficiency but also on the actual estimated coefficients, and that
even when the assumptions asymptotically ensures unbiasedness of the estimates, in small
samples the behavior of the estimators may be unreliable. On the contrary, the G3SPD
shows a stable behavior mainly due to the fact that it does not require any assumption
about the distribution of the effects (whenever they are fixed or random) or the correlation

of the regressors with the effects.

1.6.4 A Step Beyond: Dimension-specific Effects, Omitted Variables, and

Pseudo-effects

Even when Monte Carlo simulations and the three revisited examples show that
the G3SPD estimator outperforms some of the widely known panel data estimators, an

important discussion is still missing. What are the pseudo-effects? Are they only dimension-
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specific effects? Do they also capture omitted variables?

Usually, we consider that the panel "effects" represent differences in the constant
term (fixed or randomly distributed) among groups. The effects reflect unobservable charac-
teristics that may influence the observed behavior or economic outcome. The pseudo-effects
capture the same concepts but incorporating the fact that there exists a latent bias (coming
from the second step estimation of the G3SPD) that may make the pseudo-effects differ
from the "true" panel effects. This is the reason for calling them "pseudo-effects" instead
of simply effects. For example, when estimating the wage equation, economic theory (and
intuition) tell us that some unobservable characteristics of the person (ability, ambition,
family background, luck) may be correlated with the attained education, and in turn, with
work experience, the choice of the industry or economic sector, and other observable charac-
teristics. Moreover, we can argue that even when ethnics or gender are totally exogenous to
the individual, they may be correlated with the development of abilities and skills in early
stages of the childhood, access to different quality levels of education, personal interactions
and social networks, differential attitudes when facing life, etc. Many of these characteris-
tics are unobservable to the researcher and are encompassed under a general concept, the
effects. The G3SPD uses the first two steps results to construct an estimate of these effects
that encompass a wide variety of individual characteristics unobservable to the researcher.

Resuming the discussion about the returns to schooling in the last subsection,
notice that from an economic point of view, the G3SPD estimates shown there pose some
important questions that need to be answered and that may help to understand what the

G3SPD estimator is doing. Why are the returns to schooling (i.e. coefficient accompanying
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ED) very similar under OLS, BE, and G3SPD? Why the returns to experience (i.e. the
coefficients accompanying EX P and EXP2) are high, increasing, and similar to other
estimates but very different from those of OLS? Why are the differences in estimated gender
and ethnic gaps important? Are the pseudo-effects erroneously capturing information that
generates the decline in the returns to schooling? What information are the pseudo-effects
capturing?

To show how the G3SPD deals with the unobservable characteristics, specially
when the omitted variables are correlated with the included regressors, and at the same time,
to answer whether the G3SPD and its pseudo-effects are introducing additional distortions
to the estimated coefficients, we perform a set of Monte Carlo simulations for the wage

equation example.

Monte Carlo Simulations Our main objective is to show how the G3SPD reacts when
the model contains an omitted variable correlated with the included regressors, and the
panel effects are either fixed or random. We assume that our sample coincides with the
panel of 595 individuals observed over the period 1976-1982 drawn from the Panel Study
of Income Dynamics (PSID), collected by Baltagi and Khanti-Akom (1990), totalling 4165
observations. We also assume that the model structure corresponds to the one showed in
Table 4, and that the "true" impact of each covariate coincide with those reported there for
the G3SPD estimator. Additionally, the years of education of each individual are assumed

to be determined by

ED; = f(ABILITY;, other personal characteristics;, random term;) (1.13)

= pABIL; + aggregate random term;
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The variable ABIL; is a time-invariant variable representing individual’s ability, and p is
the correlation between ability and education. Technically speaking, equation [1.13] is the
missing equation in the returns to schooling model responsible for the singly-exogeneity of
ED, EXP, EXP2, OCC, IND, UNION (and probably FEM and BLK). We consider
three different levels of correlation between ED; and ABIL;: no correlation (p = 0), mod-
erate correlation (p = 0.35), and high correlation (p = 0.7). Given that ED; already exist,

we generate ABIL; to accomplish these assumptions as follows:

p=0  — ABIL;=uw; x 85 x 0.01

p=035 — ABIL; = (0.5x ED; + 0.5 x w; x 7.5) x 0.01

p=07 — ABIL;=(0.5%x ED; +0.5 X w; x 2.8) x 0.01
where ED; is actual data, and w; ~ N(0,1).

We generate 500 replications of each of the six experiments (three levels of cor-
relation between education and ability, under fixed and random effects worlds). In the
fixed-effects world, we add to each of the three sets of 500 replications the same set of
effects, FFE; ~ N(0,0.02), while in the random-effects world, we add a set of effects,
REj;; ~ N(0,0.02), to each replication in each set, where j = 1,...,500 indicates the
replication. Finally, we add a completely stochastic term to each observation given by

njit ~ N(0,1). The logarithm of the wages has been obtained as follows:

Fixed-effects world:
log(wageji) = B’Xi(tl) + 5'X2(t2) + ’y’Zi(l) + H'Zi@) + FE; + ABILEP) + it

Random-effects world:

log(wagejit) = ﬁ’Xi(tl) + 5'XZ~(t2) + V’Zi(l) + Q'ZZ@) + REj; + ABILZ(P) + it
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where j =1,...,500,:=1,...,N,t=1,...,T indicates the replication, the individual and
the time period, respectively. The superindex (p) indicates the level of correlation between

ED and ABIL.

Results In Table 8, we display the results for a selected set of regressors and four es-
timators, namely OLS, EC, HTM, and G3SPD.?” The most important result relates to
the returns to schooling. Under both fixed-effects and random-effects worlds, the G3SPD
estimator outperforms the Hausman-Taylor estimator. When the correlation between of
the omitted variable and ED is zero, G3SPD shows a maximum bias of 1% (under the
fixed-effects world). On the other hand, the HTM estimator can be biased by more than
13%. When the correlation between ability and education is moderate (p = 0.35) or high
(p = 0.7), the bias of the G3SPD estimator is smaller than the bias of other methods.
Moreover, the HI'M estimator is the most biased one. Its bias ranges between 2.5 and 3.6
times the G3SPD bias under the fixed-effects assumption, and between 1.6 and 1.9 times
the G3SPD bias under the random-effects assumption.

[Insert Table 8 about here/

The results for the coefficient of work experience are almost unbiased in all cases
under both effects assumptions for all methods. However, the HT'M estimates of the coeffi-
cient accompanying the higher order term of experience is systematically more biased than
those obtained by the G3SPD estimator.

Gender differences present mixed results for both HTM and G3SPD estimators,

but the bias ranges between 0.5% and 3.5%. More problematic is the coefficient representing

3TThe corresponding report for the rest of the variables in the model, as well as the estimations using
other methods like FE, BE, and GLS, are available upon request from the author.
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ethnic differences: while the HTM estimators bias is over 15% in most of the cases, the
G3SPD estimator bias is important when ability is not correlated with education (7.6% when
assuming fixed effects, and 6.2% when assuming random effects). However, for stronger
endogeneity of ED, the bias lowers to around 2% on average, being systematically higher
under random effects assumptions (about 1.5% higher).

Notice also that the empirical standard error of the estimated coefficients is always
larger for the HTM estimator than for the G3SPD estimator, indicating that beyond the
problem of bias, it shows a problem of accuracy that may distort inference.

Summarizing, the discussed evidence shows that the G3SPD incorporates the omit-
ted variables into the pseudo-effects, and adequately control for the emerging bias when
such variables are correlated with the included regressors. On the other hand, the HTM
estimator performs poorly in terms of bias and variability, specially when estimating the
coefficients of endogenous variables. Regarding the questions about the adequacy of the
estimates of the coefficients obtained by G3SPD, the evidence support the 5% return to
each year of schooling, and the 11% return to each year of work experience. The problem
with this outcome is that returns to experience more than double returns to education: a
simple conclusion is that education does not pay off, which conflicts with the general belief.
However, as pointed out by Heckman et al. (2003), the reason for such controversial results

may reside in the theoretical model and not in the estimation method.
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1.7 Concluding Remarks

We have considered the estimation of single-equation and systems of simultaneous
equations models with panel data, when the "true model" contains unobservable effects. We
studied the problem of obtaining consistent estimates when (i) the set of regressors includes
dimension-invariant variables, and (ii) some (or all) of the regressors are correlated with the
unobservable effects. To account for these issues we developed a three-step estimation pro-
cedure, the Generalized Three-Step Panel Data estimator (G3SPD). The method consists
of three estimation steps: the first step is aimed to obtain consistent estimates of the coeffi-
cients of the dimension-varying covariates, while the second step obtains a set of estimators
(not necessarily unbiased) for both the dimension-varying and the dimension-invariant co-
variates. Both sets of estimators are combined to obtain a set of estimated unobservable
effects that we call pseudo-effects. The third step includes the pseudo-effects into a pooled
regression together with dimension-varying and dimension-invariant covariates. According
to our simulation outcomes, this three-step procedure yields less biased estimators for all
coefficients when compared with other methods such as Pooled OLS, FE and BE, EC, and
HT-type estimators.

The proposed G3SPD estimator has remarkable characteristics: first, it outper-
forms all other panel data estimators by a substantial measure, whether in terms of bias,
variability, and RMSE. Second, the performance of the G3SPD estimator does not depend
on assuming fixed or random effects, given that the procedure does not require a decision
over a set of possible estimation methods as in the usual approaches. Third, the estimator

handles both the "panel” and the "time-series cross-section” setups. Moreover, according
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to our simulation, it presents a good performance in finite samples, and its bias dimin-
ishes with increasing total sample size, irrespective of whether N or T' increases. Fourth,
classifying the regressors as singly- or doubly-exogenous (a key issue in HT procedures) is
irrelevant because there is no need to instrumentalize the correlation between the regressors
and the unobservable effects once we have introduced the pseudo-effects in the regression.
Fifth, the residuals of the 3¢ Step of G3SPD estimator are closer to the true innovations of
the model, which implies better forecasting, inference, and estimation of the n—dimensional
confidence-intervals.

Beyond these characteristics, there are some practical advantages in implement-
ing this estimator: first, to facilitate its application to single-equation and to simultaneous
equations models (both equation-by-equation and system estimation), we present two es-
timators that can be used with the G3SPD estimator and are capable of accomodating
standard methods as particular cases, while their statistical properties remain intact. Both
estimators conveniently incorporate suitable sets of instruments to control pure endogeneity
originated by the correlation between the regressors and the stochastic error (simultaneity
bias). The G3SPD equation-by-equation estimator also proved to perform very similar to
system estimation, given that we are analyzing it for the linear case. This implies that
in this context, equation-by-equation modelling can be used whenever there is a risk of
generalized bias arising in system estimation when one of the equations is misspecified.

Second, the method deals with dimension-invariant variables and endogeneity of
regressors in a simple and elegant way, and it relies on widely known statistical properties,

namely those regarding within- and between-groups estimators, and GMM estimators for
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systems of equations. Its estimation procedure is simple, apparent, and quick: estimat-
ing G3SPD implies running a within-groups estimator, a between-groups estimator, and a
pooled regression. The estimator is able to accomodate several alternative specifications
that account for SUR specifications, block-diagonal simultaneous equations (partitioned
systems of equations), unbalanced panels, n—way or multidimensional panels, etc, and can
be easily implemented using standard econometric packages.

To show the performance of the G3SPD estimator with actual data, we revisited
three classical examples in panel data literature, namely a gravity model of international
trade flows, an economic model of crime, and a Mincerian wage equation. Results differ from
those reported in the literature specially for the coefficients accompanying the endogenous
regressors. To study the "nature" of the pseudo-effects, we perform an empirical exercise
to verify how the G3SPD reacts when omitted variables generate endogeneity problems.
We use the wage equation as a benchmark, and find that the G3SPD estimator accurately
(in terms of bias and variability) obtain estimators for time-varying and time-invariant
regressors that are correlated with the omitted variable (in this case, ability) for different
levels of correlation of the regressors and the unobservables. This evidence supports the
former results from Monte Carlo simulations favoring the G3SPD estimator, and gives a

clear picture of its functioning.
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1.A Proof of Theorem 1.1

This proof follows from Cornwell et al. (1992, Theorem 1).
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Proof. The normal log-likelihood of y = Y7 + X3 + Zv + Zyp + Z,pu + € is

NT
Ly = cons— 71n]2| -

1 _
5 W= YT = XB—2y=Zop—Zup) S (y =Y = XB = Zy = Zpip = Zupr)
Applying a "between-groups" and "within-groups" decomposition to the system of equations

we get:

Py+Quy = BYn+Q.)Y7m+P,XB+ QX5+

+P,Zy+ Py Zyp+ PuZup+ Pue + Que

Replace Y with }A/, X with X , and Z with A , to control for endogeneity (due to correlation

with g and ) when needed, assuming the variables with a hat are the instrumentalized
version of the corresponding ones. Hence, we rewrite £ as:

NT 1 . R X .
L1 = cons— - In|X| - §(Puy +Quy—PYrm—-Q.,Y1m—P,X3—-Qu.XB—
~P,Z~y — P, Zyp — PuZupu)'S NPy + Quy — P.Ym — QY1 —

~P,XB—QuXB— P2y~ P, Zyp — P, Zup)

Grouping terms we have:

NT 1 _
Ly = cons — — -S| = 5 (Quy — QuF0) X7 (Quy — QuFd) -

1 -
—5 (Puy = PuFd - P,Ha) x> Y (Pyy — P,Fé — P,Ha)

where F§ = Y7 + X8 and Ha = ZAV + Zyp + Z,p. Maximizing £y over 6, o, X yields the
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following first order conditions:

oL _ _

8751 = 0=(Q.F)S Y Quy — Q.Fd) + (P,F)S™ ' (P,y — P,F§ — P,Ha)(1.14a)
oLy -1

Ha = 0= (PH)T (Puy — PuFo — PyHa) (1.14b)
oL NT _

Tzl = 0= =t (Quy — QuEFS) S72 (Quy — QuF6) + (1.14c)

+(Py — P,F§ — P,Ha) ¥ *(Py — P,F§ — P,Ha)
From [1.14b] we have:
P,yy—P,F)—-P,Ha=0 (1.15)
On the other hand, the normal log-likelihood of the transformed model Q,y = Quffﬂ +
QNXB + Qe is:
Lo = cons — g In 2% — % (Quy — QuF3) =M (Quy — QuF9)

with F' defined as before. The first order conditions of the maximization of Lo are:

oL

8752 = (QuF)YHQuy — QuF5) =0

oL NT [

ol 15 + (Quy — QuF8) T2 (Quy — QuF9) = 0

which are identical to [1.14a] and [1.14c] after accounting for [1.15]. Thus, for a wide
range of dimension-invariant covariates that can be written in a Ha form, the maximum
likelihood estimators of &' = |7/, ']’ and X obtained from the original model and from the

within-groups transformed model are equivalent. m

1.B Proof of Theorem 1.2

The proof follows from the results in Baltagi (1981b), Prucha (1985), and Balestra

and Varadharajan-Krishnakumar (1987).
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Proof. Following the same reasoning as in the proof of Theorem 1.1, and assuming

the effects p1 are random, the normal log-likelihood of
y=Yn+XB+Zyv+Zyp+ (Zup+e) (1.16)
is given by

NT
Ly = cons—71n|2\—
1 N / N
- (y—Yw—Xﬁ—Zy—ZW) »-1 <y—Y7r—X5—Zy—ZW>

with ¥ defined as in [1.7]. Note that we have replaced Y with ¥, X with X, and Z
with Z, to control for endogeneity and simultaneity when needed (i.e. as before, assume
the variables with hat are the instrumentalized version of the corresponding ones). After
applying "between-groups" and "within-groups" decompositions to [1.16], and grouping

terms, we can rewrite L1 as:

NT 1 _
Ly = cons—Tln]m—§(Q“y—QuF5)/Z 1(Quy_QuF5>_

1
—5 (Pay = PuF6 — P,Ha) Y (Pyy — P,F§ — P,Ha)

where F§ =YV +XBand Ha = 27 + Z,p. Maximizing £ over 9, o, X yields the following

first order conditions:

oL

T; = 0= (QuF)S ' (Quy — Q.F) + (P.F)S™ (Pyy — P,F§ — P,Ha) (1.17)
%il = 0= (P,H)S ™ (Py— P,F§— P,Ha) (1.18)
oL NT A

8721 = 0= {_IEI] +(Quy — QuF8) S (Quy — QuF3) + (1.19)

+ (P,y — P,F6 — P,Ha) ¥ 2 (P,y — P,F§ — P,Ha)
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From [1.18], it follows that P,y—P,Fé—FP,Ha = 0, and first order condition [1.17] becomes:

0 = (QuF)S 1 (Quy — QuF9)
= FQu|ST' @ By, + 3 © Q| (Quy — QuFo)
= F'Q, [Zg_l ® ng} (Quy — QuI9)
= F'Q.> NQuy — Q.F9) (1.20)
where 3* = ¥, ® Iny7. Note that this result follows from the orthogonality of P, and Q#g.

On the other hand, consider the corresponding "within-groups" transformed model

Quy = QHY’]T + Q#XB + Q€. Its normal log-likelihood is given by
NT . 1 .
Ly = cons — ——In |3 = = (Quy — QuF0) ¥ (Quy — QuF0)

with F' as previously defined. The first order conditions for the maximum of Lo are:

0Lo

S5 = (@QuF)TTHQuy — QuFd) =0 (1.21)
oL NT .
8722 = —ﬁ + (Quy - QuF(s) o2 (Quy - QHF(S) =0 (1'22)

As it is apparent, [1.21] is identical to [1.20]. However, the solution for the variance-
covariance matrix differs between [1.19] and [1.22]: X* is partially using the information
contained in the model, neglecting the between-groups variation, which is the usual in-
efficiency result when comparing within-groups estimators versus error-components ones.

1.C Proof of Theorem 1.3

To facilitate the proof of the theorem, we introduce some notation and a theorem

taken from Krishnakumar (2006).
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Notation 1.1 Assume that the true model is given by this modified version of the model in
the theorem:

y=Y"r1+X"B+Z"y + [po + V] (1.23)

where the starred regressors stand for the "true" uncorrelated regressors. To simplify expo-
sition, we assume that the mean of the residuals is zero, i.e. P,v = 0. We also assume that
wis a NT x 1 vector with the individual-specific effects already arranged (i.e. each row of
 is now equivalent to the horizontal sum of each row of Z, ).

To introduce endogeneity in the model, we assume that the observed regressors
are functions of the true uncorrelated regressors and the unobservable effects, namely Y =
fY* we), X = f(X*,u), and Z = f(Z*,u). The instrumentalized version of Y follows

Y = f(Y*, n). Particularly, assume the simple structures:

Y = Y'4u=Y"+Y*"+p (1.24)
X = X'+u=X"+X"+u
Z = Z'4nu
Theorem 1.5 (The Generalised Frisch-Waugh Theorem, Krishnakumar, 2006, Theorem
5.1) In the generalised regression model y = X181 + X2fy +u with E(u) =0 and V(u) =V,

positive definite, non-scalar, the gemeralised least square estimator of a subvector of the

coefficients, say B4, can be written as

BGYS = (R 'Ry) ' RV IR,
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where

R = y— X1 (XJVIxy) ' XV ly

Ry = Xo—Xi (X{V7'X)) ' X{V X,

Proof. See Appendix A5 in Krishnakumar (2006). =
We now turn to the proof of Theorem 1.3:
Proof. Replacing [1.24] in [1.23] we obtain the true model under the current set

of assumptions:

y = |Vonm X =@ B+(Z - v+ [ua+y]
= Yr+ XB+Zy+ [ula—7m—B—7)+v

= Yn+XB+Zy+n
Assume that (« — 7 —  — ) = 1. The between-tranformed model is:
y=Yr+XB+Zy+p
while its estimable version is:

G=Yr+XB+2Zy+n



7
Applying Theorem 1.5, the between-groups estimators for m, 5 and - are given by:
. = = -1 -/ _
The = (Y Q[X,Z]Y> Y Qrx 29
. R =/ = -1 —! =~ _
plim{mp.} = plim (Y Q[X,Z]Y> Y Q[?,Z] [Yﬂ' + X8+ Zv+ u}
=\ = —
= 7r—|—plim{(YQ[XZ] > YQ[XZ]XB}

+plim { (YIQ[X,Z] Y Q X Z

+plim { (YIQ[XZ]Y/> Vs M}
Mo M- _

Y
= B+ 20+ 2y +
Mz Mz 7

1
Bre = <X/QP,Z]X> X'Qy’z]ﬂ

plim {Bbe} = plim { (X’Q 7] X
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w = (70p.97) 7054
plim { (Z’Q 7.5] Z> o Z'Q 5] [XB+ Zv + u }

plim {;Ybe}
-1 _
Z’Q P )_(] YT(} +

=+ plim { (Z’Q 7 Z)
in] (7.4 )AZ@rJﬂ}

)

M = M Mz,
_ zy zx
Y, T, P MZ

whith Mpa = B'Q4A and Q4 as defined in Section 1.3. Hence, the biases are given by

s Mz M, Mf/u
Bias (7pe) = M B+ M v+
% v
. Mf Mo M
Bias (Bu) = i+ MXZVJFMX—AL
X X
M = M M
Bias (A _ zy zZX Zp
ias (V) P TP v

1.D Proof of Theorem 1.4
The proof uses results from Maddala (1971), Baltagi (1981b), and Baltagi (2003

ch. 2).
Proof. First, we separate the theorem in two parts

(1) "The G3SPS estimator assigns equal weights to the within and between estimators

after including the pseudo-effects as a regressor [...]",
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(2) "[...] while the error-components and Hausman-Taylor-type estimators weigh the within

and between estimators according to the inverse of their corresponding variances".

We start with the proof of the second part. Consider the following single-equation

panel data model model:

y = Yr+ X(l)ﬁ(l) + X(Q)B(Q) + 2(1)7(1) + Z(Q)fy@) + [ZM[L] o+ n (1.25)

n = Zyp+e

where 1 is the dimension-specific effect such as an individual effect (time-invariant). Assume
that n ~ N(0,T Ui + 02). The variables Y and X are time-varying variables, while the Z
are time-invariant. Y is a set of endogenous variables. The superindex ”(1)” indicates the
variables are doubly-exogenous (not correlated with 1), and the superindex ”(2)” indicates
the variables are singly-exogenous (they are correlated with g but not with €). We also
assume that there may exist a third set of X and Z with superindex "(3) " that corresponds
to the excluded variables from the equation. If we disregard singly-exogeneity, we can re-

group variables and coefficients as follows:

X =[x xO]  p= [ﬁu)fﬁ(z)f]’
Z = [z, z] N = [7(1)’77(2)’},

and the model [1.25] can be rewritten as:

y = Yo+ XB+Zv+n (1.26)

n = Zyp+e

Following Maddala (1971), Baltagi (1981b, 2003), the corresponding 2SLS error-
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components estimator for this model is given by the weighted sum:

>
N
x|

B = W1 B + W2 B
N 0 _
EC2SLS Within2SLS Between2SLS
where
- - -1
T Y’ Y’
B = x| P (V. X,2) X' | Py
0 A A
W2SLS L -
- - -1
T Y’ Y’
B = X' | Pa (Y, X, Z) x| Pay
A A
B2SLS L -

and Py is the projection matrix of the instruments, Py = H(H'H) 'H’, and the set of

instruments are given by:

H = Q, [X<1>’X(2>,X<3)

A = P, [X(l)’X(Z),X@),Z(l)’ 72 Z(3>]
where

P, = 2,(2,2,)" 7,
Qu = INT_P,u

ZM = IN®ur
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The weights are given by

Y’ Y’
1 1
Wi = |5 | x PV, X, Z)+ — | X' Py (Y, X,2) X
o¢ 0'1
Z' Z'
Y/
v l|r vx 2
o_g X H 9 9
Z/
- - —1
Y’ Y’
1 1
W = |5 | x| PrV X 2)+ 5 | x [ Pr(Y,X,Z)| X
(o= 0'1
Z' z'
Yl
1
X72 X’ PH(Y7X7Z)
01
Z/

and 0% = Tai + o2
If we go back to the model [1.25] and take into account the singly-exogeneity of

X@ and Z®, we can adjust the set of instruments according to Hausman and Taylor

(1981), i.e.
H = Q, [Xu),X(s)]
i = p, [X(l),X(g'),Z(l),Z(?’)}

and the structure of the estimators will not not change, but the projection matrix of the

instruments. Thus, like the EC2SLS estimator, the Hausman-Taylor estimator is a weighted
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sum of within and between estimators under a particular set of assumptions on the correla-

tion of the regressors and the unobservables that lead to a different set of instruments from

that of the EC2SLS estimator. This completes the proof of the second part of the theorem.

To prove the first part of the theorem, we add the pseudo-effects to the model in

[1.26] to have:

y=Yr+XB+Zy+[Zui)d+n

We can rewrite the EC2SLS estimator to account for the new

= =

>

>

EC2SLS

W2SLS

+ Wy

™I =T

Y

regressor as:

B2SLS

(1.27)

(1.28)

Accordingly, the rest of the matrices are adjusted to include the new time-invariant regressor

[Z,,i1]. Notice that the weights have to be adjusted as well. The new weights are given by:

_ y
1| X
W3 - 72
o2 7
| Az
YI
1| X
>< _
o? 7

P

P

i

1

(Y>X> Z7 [Z/ha]) + =

(Y7 X7 Z7 [ZM:&D

ol T

YI

X/

Zl

2]

Py (Y, X, Z,[Z,p])

-1
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- - —1
Y’ Y’
1| x ) 1| X X
Wi = |5 Py (Y. X, Z,[Zyfi]) + — Py (Y, X, Z,[Z,p]) | x
£ Z/ 1 Z/
i [Zuﬂ] [Z/M&] .
Y/
1| X )
X72 PH(Y7X7Z7 [Z,LHUJD
0-1 Z/
[Z,.01)

However, under the G3SPD estimator, we assume that after including [Z,,/1] in the

regression, 7 = . Hence, 0% = 02 and W3 and W} are no longer dependant on 2. Moreover,

W3 and W4 become:

r - —1
Y’ Y’
X! bl
W3 = Py (Y, X, Z,[Z,p]) + Py (Y, X, Z,|Z,j1)) x
A VA
N\ i) _
YI
X/
x Py (Y. X, Z,1Z,f)
ZI




_ Y’ Y’
X’ X'
Wy = Py (Y, X, Z,[Z,j1]) + Py (Y, X, Z
Z' Z'
|\ 1] [Z,l]
YI
X/
X Py (Y, X, Z,[Z,p1])
Zl
[Z,uit]

Replacing these weights in the EC2SLS estimator [1.28], we obtain:

>
3
=]l

=
=
™!

>
o
|

EC2SLS W2SLS B2SLS

[ Zuit])
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w3
>

2>

EC2SLS

pP

t

Y.
( 7X7 Z7 [Z,uﬂ]) +

Py (Y7 Xv Zv [Zuﬂ]>

Pf{y +

_P~
i (Y
7X7 Z? [Zuﬂ]) +

P-
H (}/7 Xa Zv [Zﬂﬂ])

Y/

X/

Z/

Y/

X/

Z/

P_
H (Y7 X; Zv [Zliﬂ])

Py (Yv Xv Zv [ZuﬂD

P-
H (K Xa Zv [ZﬂﬂD

P_
H (K X7 Z7 [leﬂ])
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2
> = N
>

Aoy

EC2SLS

pP

t

(Y7 X7 Z7 [Z,uﬂ]) +

ng +

P-
i (Y
7X7 Z7 [Z/J«la]) +

Y/

X/

Z/

Yl

X/

Zl

P-
H (Y7 X, Zv [Zliﬂ])

Py (Y, X, Z,[Z,4])
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T Y’ Y’
3 X/ X'
= Py (Y, X, Z,[Z,11]) + Py (Y, X, Z,[Z,])| X
4 A z'
/ Z,0i Z.i
¢ EC2SLS L (2] ki i
Y’ Y!
X’ X’
Pry + Pgy
7! 7'
|\ 12, Zil)
- -4 —1
T Y’ Y’!
B X' X'
= Py (Y, X, Z,[Z1))| % Prry
4 z' z'
/ Zui Z.i
¢ BO9SLS i [ MN] i [ uﬂ]
T
B
,-AY
OLS(IV)

where we use the result @ + P = I. Hence, the G3SPD can be seen as a weighted sum
of the within and between estimators with equal weights for both estimators, a result that
coincides with the OLS estimator (allowing for instrumental variables). This completes the

proof of the first part of the theorem. m
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1.E A Note on Two-Step Regressions

Using the notation and assumptions introduced in Appendix 1.C, note that ap-
plying the two-step procedure to obtain an estimate of ~, based on the within residuals,

results in:

Apepe = (22)7' 7%
plim {in_pp} = plim{(2'2)7" 7' (2 + 4]}
= y+plim{(2'2) Z'n}

My,
M7,

This two-step procedure is not able to split up Z into its two components, but now Yp_gg
differs from 4,,. At first sight, it is tempting to state that y_gg is less biased than 4,,.
However, notice that the unobservable effects affect y through four channels: Y, X, Z, and
p. While 4, accounts for all channels, 4p_ g neglects the Y and X channels. Thus, using
this two-step procedure will yield unbiased and consistent estimates for = and 3 (just like FE
will) but at the cost of a still more biased set of estimators for the coefficients accompanying
the dimension-invariant regressors.

It is worth mentioning that Krishnakumar (2006) extended the results of Mundlak
(1978) to the case where the model also contains time-invariant regressors in the context
of single-equation estimation (no endogenous Y included). Notice that her result differs
from the one we have just shown: she concluded that using the two-step procedure would
produce a set of unbiased and consistent estimators for S and a biased estimator for ~ —

due to the practical impossibility of splitting up the components of Z — in the spirit of
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Mundlak’s result. However, such bias only accounts for the correlation between Z and p

*

M
(represented by a parameter ¢ in her paper and by —#* in our exposition), neglecting any
zZ

possible bias arising from the interaction of p and X. The reason for that result is the
particular form that is assumed for the correlation, following the one used by Mundlak.
Therefore, Krishnakumar’s (2006) result, though "elegant", is not as general as claimed,

and only applies to the particular form of endogeneity presented in that paper.

1.F Estimation Procedures

Here we describe how to obtain six groups of estimators as particular cases of the
equation-by-equation and system estimators in [1.10] and [1.11], respectively. Obtaining
particular cases implies setting three components of the estimators: the set of regressors,
a weighting matrix that permits incorporating covariance estimators and equation trans-
formations, and a set of instruments (together with a consistent estimate of the covariance
matrix in the case of the system estimator). This particular property of the estimators pre-
sented in this chapter is inherited from the fact that the GMM, ML and/or LS estimators

coincides in the cases we review below, so we exploit this advantage.

1.F.1 Least Squares (Pooled OLS) Estimators

Under this approach, there is no considerations regarding panel dimensions effects,
and the sample is treated as coming from a unique distribution that is not affected by
dimensional particular shocks. To obtain the Pooled OLS estimator for a single equation,
set ROLS = [y, x(V, x(P 7V 7). LNT}, Pia, 5, = Int and W, = Iy, and plug them

in equation [1.10]. The Pooled OLS estimator for the entire system of equations obtains
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rearranging regressors as in [1.11], setting W = Ign7, the estimated variance to Yol NT,
and the set of instruments to [A,B] = Ig ® [Xél),Xy),Xég),Zél),Zg),Zég),LNT} , and
plugging them in [1.11]. ¥ is based on equation-by-equation estimation residuals and is
given by ¥ = (§'2)/NT, where & = [£1,29,...,2¢] is the NT x G matrix of estimated

A~

residuals, &, =y, — Ry0,.

1.F.2 Fixed Effects (Within-groups) Estimators

FE models can be obtained setting R, = ]/%; = Yg,X;l),Xéz)} and W, = ng.
However, we distinguished between a standard model (FEStd) with P4, p,) = InT, and an
enhaced model (FEB?®) that incorporates instruments to account for simultaneity bias with
Ay = Z; = Qy, [Xél), Xé2),X§3)] and B, = E; = {@}. The system estimation counterpart
can be obtained rearranging ]/%; Vg = 1,...,G according to [1.5], setting W = @Q,,, with
instruments A = Ig ® 24\; and B = [,® E;. The difference between FEStd and FEB for
system estimation resides in the set of residuals used to estimate ¥ = ('Q,&)/N(T — 1),
which come from their respective equation-by-equation estimates. The FE results we report
are those corresponding to FEB.

Notice that none of the FE estimators is able to obtain the coefficients associated

with dimension-invariant variables, due to the within-groups transformation that wipes out

all dimension-invariant components.

38This FE estimator was proposed by Baltagi (2001, Ch. 7), and incorporates a set of instruments taken
from the same panel after a transformation. The original set of instruments as posed by Baltagiis A = Q. X,
where X = [X1, X] is the set of exogenous variables: X is the set of exogenous included variables, and X,
is the set of exogenous ezcluded variables. The identification condition is accomplished when the rank of X,
is greater than or equal to the number of endogenous variables in the equation. This means that we need an
additional set of variables excluded from regression, the X2, in order to get the Aitken estimator. Cornwell
et al. (1992) extends the set of instruments to include the time-invariant regressors that are not correlated
with the residuals. The extension to BE models is direct.
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Finally, notice also that leaving almost dimension-invariant variables in the trans-
formed regression produces the exacerbation of the associated variances, as well as inaccu-
rate coefficient estimates. The suggestion in this case is to keep in the regression only the

dimension-varying regressors to avoid problems with matrix inversion.

1.F.3 Between-groups Estimators

BE estimators are obtained using R, = Rg)LS and W, = By, The result is a
set of T identical regressions for each individual given our matrix arrangement which im-
plies that the regression has NT observations instead of the IV observations of the cross-
section regression. To remedy this, we premultiply the whole model by v7T. As with
FE estimators, we also distinguish between a standard model (BEStd) and an enhanced
model (BEB). For equation-by-equation estimation, these estimators differ in their sets
of instruments, being Pls, p,) = Inr for BEStd, and A, = A, = {2} and B, = B, =
Pug Xél),Xy),XéS),Zél),ZgQ),Zg(,g),LNT] for BEB. The system counterpart can be ob-
tained rearranging Ry Vg = 1,...,G as in [L.5], setting W = P,, A = Iz ® A, and
B = I ® By. Again, both methods differ in their respective sets of residuals from equation-

by-equation estimation used to estimate 3 = (8'P,&)/N.

1.F.4 Error-Components (Random Effects) Estimators

The error-components estimators assume that the unobservable effects come from
a given common distribution (i.e. they are "random" effects). Baltagi (1981b, 1984) de-
veloped the estimator for systems of simultaneous equations. The EC estimator accounts

for the dimension-varying and dimension-invariant variables, given that the system is not
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transformed as in the fixed effects case. Consequently random effects models are able to
obtain those coefficients. However the assumptions (specially those regarding uncorrelated-
ness between regressors and effects) are hardly accomplished, and some arrangements are
in order to get consistent estimates. A well-known specification test by Hausman (1978)
may help to know the appropiateness of this approach when some or all of the regressors

are suspected to be endogenous?”.

Single equation EC models can be obtained plugging R, = RgOLS and W, = Qg

[NIES

in
[1.10]. To select the instruments, we consider two cases: (i) not accounting for endogeneity
of regressors, implying P4, 5, = InT; and (ii) accounting for endogeneity of regressors (as
in Baltagi, 1981b, 1984, 2005 ch. 7, and Cornwell et al., 1992), implying A, = ;{vg and
B, = E. The system estimation counterparts are obtained rearranging R, Vg = 1,...,G
according to [1.5], with W = Ign7 and instruments [A, B] = I ® [Ag, By]. The estimated

covariance matrix based on equation-by-equation estimation is given by“:

S = []\si;?iei)] ® Qu, + [(6/]\;‘%)} ® Py,

Regarding the estimation of Q, = U%,gng + ag’gPug, there are several feasible

alternatives*!. According to Cornwell et al. (1992), we only need consistent estimates

39Tt is worth remembering that under the random effects assumptions, this model obtains consistent and
efficient estimates, while under the fixed effects model (that can be used instead when the regressors are
endogenous), the estimates are consistent but less efficient. On the other hand, if the random effects model
assumptions are not accomplished, then its estimates are biased, and the fixed effects model is still consistent,
and now the efficient one.

40The expression for ¥ follows from the decomposition proposed by Wansbeek and Kapteyn (1982a,
1982b, 1983). For incomplete or unbalanced panel data estimators, the alternative proposed by Wansbeek
and Kapteyn (1989) would be more appropriate.

#1Some proposals to get a feasible estimate for Q are: (i) Wallace and Hussain (1969), that substitutes
the unknown errors with the residuals from an OLS regression; (ii) Amemiya (1971), that suggests using
the LSDV residuals instead of the OLS residuals; (iii) Swamy and Arora (1972), that suggest running a
"between" and "within" regressions and use those residuals for each component of the variance; (iv) Nerlove
(1971b), that uses the mean squared error from the LSDV regression as a estimator of the needed variance,
without adjusting by degrees of freedom.
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of the o2 s and o3 g (not necessarily efficient ones) in order to maintain the asymptotic
ﬁngugag ﬂ;PHgﬂg

properties unaltered. Those estimates are given by aig = N1 and 8%79 = 25— We

estimate three EC models that differ in their definition of Q :

e ECWH (based on Wallace and Hussain, 1969): 4, = @, is obtained from an OLS

regression.

e ECAm (based on Amemiya, 1971): the residuals come from an LSDV estimation,

namely 4y = Uy = yg — OUNT — EéFEStd, where & = (Dy) — (DE)@FEStd, D =

In ® t/n/T, and the bar indicates means over N.
e ECSA (based on Swamy and Arora, 1972): 1, comes from FEStd and @, from BEStd.

We also estimate an EC model that accounts for endogeneity, that we call ECC,

and that uses a Swamy and Arora’s estimator for Q.

1.F.5 Hausman-Taylor-type Estimators

The obvious disadvantage of the previously described EC estimators is the poten-
tial inconsistency of their estimates due to the correlation between the regressors and the
effects. Several attempts can be found in the panel data literature to prevent this problem.
The most well-known case is the work by Hausman and Taylor (1981) that integrates time-

varying and time-invariant variables, with some of them correlated with the effects, and

Although the Wallace and Hussain’s alternative is the simpler to estimate, it has been criticized by
Amemiya (1971) showing that the estimators of the variance components have a different asymptotic distri-
bution from that knowing the true disturbances. However, Bellmann et al. (1989) consider the bias of the
Wallace and Hussain’s variance estimator and find that the relevance of the bias depends on the particular
problem at hand. To decide which variance estimate is more reliable, Taylor (1980) compared the perfor-
mance of the Amemiya’s and Swamy-Arora’s feasible estimators and found that the Swamy-Arora estimator
is more efficient (except for the fewest degrees of freedom), and that more efficient estimators of the variance
components do not necessarily yield more efficient feasible GLS estimators. Other works, such as Maddala
and Mount (1973) and Baltagi (1981a), have obtained similar results using Monte Carlo simultations.
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proposes an instrumental variable approach to obtain consistent estimates. The proposed
set of instruments is constructed using the same panel data simplifying the search for ad-
equate instruments. Following the same line, Amemiya and MaCurdy (1986), Breusch et
al. (1989), Wyhowski (1994), among others, extend the set of instruments to include other
variables®?. We use these sets of instruments to extend the ECC estimator to account for
correlated dimension-varying and dimension-invariant regressors, considering three alterna-

tive definitions:

(i) Hausman-Taylor*®: the modified Hausman and Taylor’s (1981) set of instruments is
given by A, = ‘Tg and B, = BfT = Pﬂg Xél),Xé3),Z5(,1),Z§3),LNT , with instru-

ments projection matrix P[ Ag,BHT] = Py, + PB;IT. The variance component J%g is

consistently estimated by 3%79 = , where ﬂf T is given by:

—1
@7 = Py vy — Pu, Ry (Ry Py, Prgr PuRy) Ry Py, Prsr Py,

and K is the number of regressors in the equation. The extension to system estimation
implies rearranging R, Vg = 1,...,G as before, defining W = Ign7 and setting the
set of instruments to A = Ig ® A, and B = diag [BfIT,BfT, e ,BgT] A We call

this estimator HTM.

2Wyhowski (1994) extends the set of instruments proposed by Breusch et al. (1989) to the two-way panel
data. We will not consider this case by now.

“3Hausman and Taylor (1981) proposed a set of instruments for the single-equation model, namely
[ng,Xél),Zél)]. However, Breusch et al. (1989) found that this set of instruments is not viable due to
a potential bias arising when there exists endogenous variables (namely, the regression has a non-empty Yy).
Beyond that, the original set did not fit the matrix of instruments as needed in [1.10]. Instead of it, Breusch
et al. (1989) propose the use of an equivalent set of instruments that is not equal to the Hausman and
Taylor’s set of instruments, but that yields the same estimator for their model (the Hausman-Taylor’s). We
consider this corrected set of intruments while we keep calling it the Hausman-Taylor’s instrument set.

447t is easy to see that we have already mentioned two extreme cases of these sets of instruments. If there
are no doubly exogenous variables, the instrument set BgHT is empty, and the resulting estimator reduces
to FEBal. On the other hand, if there are no singly exogenous variables, then the resulting estimator
corresponds to ECC. Similar conclusions apply to system estimators.
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(ii) Amemiya-MaCurdy: Cornwell et al. (1992) propose a set of instruments based
on Amemiya and MaCurdy (1986) that also includes instruments taken from the
dimension-invariant set of regressors. It is given by A, = Z{\; and By, = B;‘M =
Pug [(X_(gl))* , (X§3)>* ,Zél), Z§3), tnT |, where (+)* stands for a special arrangement
of variables®®, and the projection matrix is P[ Ay BAM] = Py, + PBQAM. The variance
component O'%yg is consistently estimated by Gg’g = %, where ﬁglM is

given by:

-1
aM = P, y, — P R, (R;Pug Pyan P, Rg) Ry B, Pgan Pu y

and K is the number of regressors in the equation. The extension to system estimation

is similar to the Hausman-Taylor case?S. The estimator is reported as HTAM.

45Breusch et al. (1989) explain the shape of the arrangement represented by (-)*: suppose we have a
NT x K panel data matrix S, then there exists an NT x KT matrix S* defined as follows:

S11 [S11 Sz -+ Sir]
Sit S1i1 Sz - Sit
S= : §* = : : . :
SN1 Svi Sn2 -+ Snr
|SNT | |Snv1 Sn2 -+ ST

This implies that a set of covariates Hy for the ¢'" equation has an associated Hj matrix that looks like:

_Hgll_ Hgll Hg12 Hng_
Hyr Hyiw Hgpi2 -+ Hgar
mo=| | om=|
HgNl HgNl HgN2 HgNT
| HynT ] | Hynv1 Hgn2 -+ Hgnr

where Hyis = [Hyit1, ..., Hgitx], and Hy is a (NT x K) matrix, Hg; is a (1 x K) row-vector, and Hy is a
(NT x KT) matrix of instruments. See Amemiya and MaCurdy (1986), Cornwell and Rupert (1988), and
Breusch et al. (1989) for more details on this set of instruments.

46 According to Cornwell and Rupert (1988) and Breusch et al. (1989), the consistency of this estimator
requires a stronger exogeneity assumption for Xél) than does the consistency of the Hausman and Taylor
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(iii) Breusch-Mizon-Schmidt: In Breusch et al. (1989), the authors extended the set of
instruments proposed by Amemiya and MaCurdy (1986) to incorporate information
from the set of singly-exogenous dimension-varying regressors. Under a configuration
similar to HTM and HTAM, the corresponding set of instruments is given by B, =
BEMS — p, [(Xé”)* , (ng?’))* 2z, 73, (QNQX§2)>* ,LNT} . This means that the
set of deviations from the mean of the set of singly-exogenous dimension-varying

variables are incorporated in an Amemiya-MaCurdy arrangement?”. The projection

estimator. In fact, the Hausman and Taylor estimator requires only the means of the variables in Xél)
to be uncorrelated with the effects, whereas Amemiya and MaCurdy estimator requires uncorrelatedness
separately at every point in time. As Amemiya and MaCurdy (1986) argue, however, it is hard to think of
cases where the Hausman and Taylor’s exogeneity condition would hold but the Amemiya and MaCurdy’s
would not. In addition, the Amemiya and MaCurdy condition is required if the Hausman and Taylor
estimator is to remain consistent when only subsets of the time periods 1,...,7" are used in estimation.

Although those exogeneity conditions are more restrictive, there exists an efficiency gain: EC models
using Amemiya-MaCurdy instruments are no less efficient than those using Hausman-Taylor instruments,
assuming the resulting EC model with Amemiya-MaCurdy instruments is consistent. The difference between
the Hausman-Taylor and Amemiya-MaCurdy sets of instruments is that they treat differently the time-
varying doubly exogenous variables: Hausman and Taylor include the means of such variables as single
instruments, whereas Amemiya and MaCurdy include each of the T time-period values of such variables as
a separate instrument.

A final comment on the consistency issue comes from Breusch et al. (1989) where they notice that the
conditions under which the Hausman and Taylor or the Amemiya and MaCurdy estimators are efficient are
testable, at least in principle, since they are just sets of linear restrictions on the reduced form equations. It
may therefore be reasonable to test rather than assume the restrictions applying to each estimator in order
to be consistent.

4TBreusch et al. (1989) pointed out that the legitimacy of the set of instruments (ng XéQ)) depends
on the assumption about the nature of the correlation between X;Q) and p . Given they are assuming that

time is the invariant dimension, the unobservable effects are constants attribuitable to each individial in the
sample. In this case, Hausman and Taylor’s (1981) definition of correlation between Xf) and p,, is simply

that the individual means of the variables in Xf) are correlated with the effects; thus P, Xy) cannot be
used as instruments. N
On the other hand, (QMQ XéQ)) may or may not be correlated with the effects, depending on what we

assume in the reduced form equation for Xf) :
e It is possible for X,@ to be correlated with the effects only because it contains a time-invariant
component, and (Q,Lg Xf,z)) is legitimate.
e Or, if the part of X,SQ) correlated with the effects is not time-invariant, then (QHQXQQ)) is not

legitimate. However, (ng Xf)) is still legitimate because Qp, p, = 0.
The legitimacy of (ng Xg(,Q)
test can be used to check-out the differences between HTAM and HTBMS. However, some problems might
arise, and Holly (1982) discusses some considerations regarding the appropiateness of this constrast.

as an instrument set is testable. For example, a Hausman’s specification



97

. . _ . 2 . .
matrix is P[ Ag,BEMS] = Py, + PBgBMS. The variance component 054 18 consistently
) R aBMS\' p  (gBMS B . .
estimated by 0379 = (% A),_I“{g_(lg ), where ufMS is given by:

—1
@M = B vy — Py Ry (RyPa, Prpws Py By) - RyPy, Papuss Py g

and K is the number of regressors in the equation. The extension to system estimation

is straightforward following HTM. We call this estimator HTBMS.

According to Cornwell and Rupert (1988), the efficiency gains from using HTAM
and HTBMS are limited to the estimated coeflicients of the dimension-invariant variables.
This can be explained because the extra instruments employed by those methods are
dimension-invariant. Thus those instruments should be of relevance under our approach
given our interest in estimating the coefficients of the dimension-invariant variables. How-
ever, Baltagi and Khanti-Akom (1990) find that the set of instruments proposed by Breusch
et al. (1989) may contain some remaining correlated variables so the outcomes may be bi-
ased. They suggest a reduced set of instruments based on successive tests that comprises
the ones in Hausman and Taylor (1981) and Amemiya and MaCurdy (1986), and that is
not affected by remaining correlations with the unobserved individual effects.

They also point out the order conditions for these three HT estimators to exist:

HIM = K+kh+hn>K+J=k >7
HTAM = K+T]€1+j12K+J:>Tk12j2

HTBMS = K+Tki+ (T —Dka+j1>K+J =Tk + (T —1)ks > jo

where K and J are the number of dimension-varying and dimension-invariant regressors,

respectively; and the subindex 1 indicates the set of doubly-exogenous variables, while 2



98

indicates the set of singly-exogenous variables, so K = ki + ko, and J = j1 + ja. As can
be seen, incorporating more instruments relaxes the order condition. Given that under our
approach, the system estimator in [1.11] is an extension of the equation-by-equation esti-
mator given by [1.10], the same conditions apply for each equation in the system. However,
it is not possible to compensate the order conditions between equations. Efficiency order-
ing of these estimators is easy to figure out given that under the consistency assumptions,
those estimators incorporating more instruments are at least as efficient as those with fewer

instruments (see Breusch et al., 1989).

1.F.6 G3SPD-type Estimators

Given that G3SPD is a procedure that integrates three estimators on it, we de-
scribe them as incorporated in the method though they can be obtained directly from
previous specifications. In this chapter we focus on five cases of G3SPD, and the suitabil-
ity of each of them depends on the underlying assumptions about the endogeneity of the
regressors. From a bias point of view, there are two general estimators: one that does not
incorporate simultaneity or endogeneity considerations, and one based on a simultaneity-
corrected approach. Although we are not interested in efficiency considerations here, we
present four cases of the latter procedure using the sets of instruments developed for ECC,

HTM, HTAM, and HTBMS.

G3SPD without Endogeneity Considerations Here we use no instruments at all,
obtaining a FEStd estimator in the first step, a BEStd estimator in the second step, and a

Pooled OLS estimator in the third step, which uses the pseudo-effects as regressors together
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with the dimension-invariant ones. To obtain these estimators, set:

1% Step:  Rg=Ry ; Wy=Qu, ; Pa,n,)=Inr
9nd Step: Ry = RgOLS . Wy=P. ; Pua,n,) =Inr (1.29)
37 Step: Ry=Ry i Wy=Inr ; Pa,p,=Int

where R = [Ytq,Xg(l),Xé?),Zél),Zy), [Zugﬂg],LNT] is the "augmented" set of regressors
for the third step. The covariance estimate for the system estimator in the 37¢ Step is
obtained as ¥ = (22)/NT where & = y — R0 is the set of residuals from a equation-by-
equation estimation, arranged in a NT X G matrix € = [£1, &9, ...,Eg]. As can be seen, this
covariance estimate coincides with the covariance matrix from the Pooled OLS previously
described given that in the 3"¢ Step we are running a plain pooled OLS regression. We call

this estimator the G3SPD-Std.

G3SPD with Corrections for Endogeneity Consider now incorporating different sets
of instruments to the estimation to obtain four estimators, namely G3SPD, G3SPD-HTM,
G3SPD-AM, and G3SPD-BMS, resembling ECC, HTM, HTAM, and HTBMS. The general
setup is similar to [1.29] though differing in the set of instruments: for the 1%¢ Step, all
estimators use A, = ;1;, while for the 2"¢ Step they vary according to:

G3SPD: B, =B, G3SPD-HT: B, = BT

G3SPD-AM: B, = B G3SPD-BMS: B, = BPMS

with the matrices defined above. The set of instruments for the 3¢ Step is given by:
Cq = [Xél),Xf),Xg(?’),Zgl), Z§2), Zf’), [Zp, i) en |

This is possible because now that we have included [Zugﬂg] in the regressors set, X!§2)

and Z?) become doubly exogenous. In this case, G3SPD, G3SPD-HTM, G3SPD-AM, and
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G3SPD-BMS should yield the same because there is no additional gains from improving
the set of instruments to control the endogeneity caused by the correlation of the regressors
with the unobservable effects. Y, is not included as an instruments because it remains
correlated with 4. Finally, the inclusion of the pseudo-effects as a new instrument implies
an additional gain from the endogeneity correction point of view that favours the consistency

of the coefficient of Y.

1.G Figures and Tables
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Figure 1.- Fixed-Effects Case: bias performance of the estimator for the coefficient of
an endogenous variable (Y,) in Equation 1.
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Figure 2.- Random-Effects Case: bias performance of the estimator for the coefficient of
an endogenous variable (Y,) in Equation 1.
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Figure 3.- Fixed-Effects Case: bias performance of the estimator for the coefficient of
a singly-exogenous time-invariant variable (Z,) in Equation 1.
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Figure 4.- Random-Effects Case: bias performance of the estimator for the coefficient of
a singly-exogenous time-invariant variable (Z,) in Equation 1.
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Figure 5.- Fixed-Effects Case: bias performance of the estimator for the coefficient of
a singly-exogenous dimension-varying variable (X3) in Equation 1.
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Figure 6.- Random-Effects Case: bias performance of the estimator for the coefficient of
a singly-exogenous dimension-varying variable (X;) in Equation 1.
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Table 1. A gravity model of intra-EU trade:

estimation results for 15 EU members, 1960-2001.
(whithout controlling for time effects)

OLS FE BE EC HTM (a) HTM (b) G3SPD
[1] [2] [3] [4] [5] [6] [7]

RER 0,099 * 0,061 * 0,087 * 0,069 * 0,061 * 0,063 * 0,061 *
(0,004) (0,009) (0,023) (0,008) (0,009) (0,009) (0,009)

GDP 1,579 * 1,812 * 1,541 * 1,795 * 1,812 * 1,805 * 1,812 *
(0,013) (0,020) (0,080) (0,018) (0,020) (0,019) (0,021)

RLF 0,032 * 0,033 * 0,011 0,033 * 0,033 * 0,033 * 0,033 *
(0,008) (0,008) (0,060) (0,008) (0,008) (0,008) (0,009)

SIM 0,885 * 1,172 * 0,806 * 1,143 * 1,172 * 1,198 * 1,172 *
(0,017) (0,056) (0,104) (0,046) (0,056) (0,053) (0,056)

CEE 0,318 * 0,309 * -0,030 0,318 * 0,309 * 0,311 * 0,309 *
(0,023) (0,016) (0,244) (0,016) (0,016) (0,016) (0,017)

EMU 0,204 * 0,085 * -1,596 0,093 * 0,085 * 0,086 * 0,085 *
(0,051) (0,027) (1,842) (0,027) (0,027) (0,027) (0,027)

DIST -0,646 * -0,710 * -0,591 * -0,382 ** -0,378 ** -0,710 *
(0,022) (0,136) (0,117) (0,192) (0,188) (0,130)

BOR 0,525 * 0,609 * 0,441 ** 0,601 ** 0,610 ** 0,609 *
(0,034) (0,201) (0,190) (0,259) (0,259) (0,193)
LAN 0,234 * 0,236 0,417 ** 1,559 ** 1,558 ** 0,236
(0,034) (0,201) (0,185) (0,707) (0,666) (0,193)

Const -10,947 * -9,706 * -13,930 * -15,760 * -15,656 * -9,706 *
(0,247) (1,552) (0,889) (1,503) (1,475) (1,485)

MuHat 1,000 *
(0,009)

Notes: Left-hand-side variable is the logarithm of real total trade flows. The regressors DIST, BOR, and LAN are time-invariant
regressors. MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by G3SPD.
Hausman-Taylor estimates are obtained under two assumptions of exogeneity of regressors: (a) only RER is doubly-exogenous;
(b) RER, GDP, and RLF are assumed doubly-exogenous. In all cases, DIST and BOR are considered doubly-exogenous while LAN is
singly-exogenous. The dataset corresponds to Serlenga and Shin (2007) and is available from the Journal of Applied
Econometrics web site. Sample: 91 country-pairs throughout 42 years. Numbers in parenthesis indicate the standard error.
Significance at 1%, 5%, and 10% are represented by ‘*’, “**’ and ‘“***’ respectively.




Figure 7. Bilateral trade flows for selected EU country-pairs, 1960-2001.
(actual and fitted data based on estimates from Table 1)
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Notes: All scales in logs. Fitted values corresponding to estimations in Table 1. For more details, see the notes in Table 1.
Countries have been selected in order to account for common and non-common border, and common and non-common
language. Actual data comes from Serlenga and Shin (2007) and is available from the Journal of Applied Econometrics web site.




Table 2. A gravity model of intra-EU trade:

estimation results for 15 EU members, 1960-2001.
(controlling for time effects)

OLS FE BE EC HTM (a) HTM (b) G3SPD
[1] [2] [3] [4] [5] [6] [7]

RER 0,088 * 0,084 * 0,087 * 0,056 * 0,084 * 0,077 * 0,084 *
(0,004) (0,010) (0,023) (0,009) (0,010) (0,010) (0,010)

GDP 1,538 * 3,053 * 1,541 * 2,224 * 3,053 * 2,927 * 3,053 *
(0,013) (0,079) (0,080) (0,054) (0,079) (0,075) (0,080)

RLF 0,021 ** 0,018 ** 0,011 0,024 * 0,018 ** 0,019 * 0,018 **

(0,008) (0,007) (0,060) (0,007) (0,007) (0,007) (0,008)

SIM 0,839 * 1,422 * 0,806 * 1,279 * 1,422 * 1,417 * 1,422 *
(0,017) (0,055) (0,104) (0,050) (0,055) (0,055) (0,056)

CEE 0,167 * 0,319 * -0,030 0,305 * 0,319 * 0,315 * 0,319 *
(0,026) (0,017) (0,244) (0,017) (0,017) (0,017) (0,018)

EMU 0,210 * 0,218 * -1,596 0,274 * 0,218 * 0,226 * 0,218 *
(0,070) (0,034) (1,842) (0,035) (0,034) (0,034) (0,035)

DIST -0,698 * -0,710 * -0,439 * 0,377 0,612 -0,710 *
(0,022) (0,136) (0,123) (0,433) (0,505) (0,130)

BOR 0,536 * 0,609 * 0,277 0,391 0,665 0,609 *
(0,033) (0,201) (0,196) (0,586) (0,698) (0,193)
LAN 0,260 * 0,236 0,655 * 3,275 ** 4,757 * 0,236
(0,034) (0,201) (0,190) (1,532) (1,708) (0,193)

Const -10,202 * -9,706 * -20,188 * -36,481 * -36,787 * -8,715 *
(0,257) (1,552) (1,209) (3,476) (4,000) (1,485)

MuHat 1,000 *
(0,008)

Notes: Left-hand-side variable is the logarithm of real total trade flows. The regressors DIST, BOR, and LAN are time-invariant
regressors. MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by G3SPD.
Hausman-Taylor estimates are obtained under two assumptions of exogeneity of regressors: (a) only RER is doubly-exogenous;
(b) RER, GDP, and RLF are assumed doubly-exogenous. In all cases, DIST and BOR are considered doubly-exogenous while LAN is
singly-exogenous. The regresison includes 41 time-dummies, though they are not reported. The dataset corresponds to
Serlenga and Shin (2007) and is available from the Journal of Applied Econometrics web site. Sample: 91 country-pairs
throughout 42 years. Numbers in parenthesis indicate the standard error. Significance at 1%, 5%, and 10% are represented by
ok Rxand “*** ) respectively.




Figure 8. Bilateral trade flows for selected EU country-pairs, 1960-2001.
(actual and fitted data based on estimates from Table 2)
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language. Actual data comes from Serlenga and Shin (2007) and is available from the Journal of Applied Econometrics web site.




Table 3. Economics of Crime: estimates for North Carolina, 1981-1987.

oLs FE FE 25LS BE BE 2SLS EC25LS G3SPD
[1] [2] [3] [4] [5] [6] (7]
LPRBARR -0.537 * -0.355 * -0.576 -0.648 * -0.503 **  -0.413 * -0.576
(0.030) (0.032) (0.802) (0.088) (0.241) (0.097) (0.803)
LPOLPC 0360 * 0413 * 0.658 0364 * 0.408 ** 0435 * 0.658
(0.022) (0.027) (0.847) (0.060) (0.193) (0.090) (0.847)
LPRBCONV -0.431 * -0.282 * -0.423 -0.528 * -0.525 * 0323 * -0.423
(0.022) (0.021) (0.502) (0.067) (0.100) (0.054) (0.502)
LPRBPRIS 0116 **  -0.173 * -0.250 0.297 0.187 -0.186 * -0.250
(0.048) (0.032) (0.279) (0.231) (0.318) (0.042) (0.280)
LAVGSEN -0.091 **  -0.002 0.009 -0.236 -0.227 -0.010 0.009
(0.040) (0.026) (0.049) (0.174) (0.179) (0.027) (0.050)
LDENSITY 0.299 * 0.414 0.139 0.168 ** 0.226 ** 0.429 * 0.139
(0.028) (0.283) (1.021) (0.077) (0.102) (0.055) (1.021)
LPCTYMLE -0.145 ** 0.627 **x 0.351 -0.095 -0.095 -0.108 0.351
(0.063) (0.364) (1.011) (0.158) (0.192) (0.140) (1.012)
LWCON 0.085 -0.038 -0.029 0.195 0.314 -0.007 -0.029
(0.055) (0.039) (0.054) (0.210) (0.259) (0.040) (0.055)
LWTUC 0.022 0.046 ** 0.039 -0.196 -0.199 0.045 ** 0.039
(0.031) (0.019) (0.031) (0.170) (0.197) (0.020) (0.031)
LWTRD 0.043 -0.021 -0.018 0.129 0.054 -0.008 -0.018
(0.062) (0.040) (0.045) (0.278) (0.296) (0.041) (0.047)
LWFIR -0.002 -0.004 -0.009 0.113 0.042 -0.004 -0.009
(0.045) (0.028) (0.037) (0.220) (0.306) (0.029) (0.037)
LWSER -0.027 0.009 0.019 -0.106 -0.135 0.006 0.019
(0.031) (0.019) (0.039) (0.163) (0.174) (0.020) (0.039)
LWMFG -0.079 -0.360 * -0.243 -0.025 -0.042 -0.204 **  -0.243
(0.053) (0.112) (0.420) (0.134) (0.156) (0.080) (0.420)
LWFED 0.084 -0.309 ***  -0.451 0.156 0.148 -0.164 -0.451
(0.114) (0.176) (0.527) (0.287) (0.326) (0.159) (0.530)
LWSTA -0.202 ** 0.053 -0.019 -0.284 -0.203 -0.054 -0.019
(0.093) (0.114) (0.281) (0.256) (0.298) (0.106) (0.284)
LwLoc 0.055 0.182 0.263 0.010 0.044 0.163 0.263
(0.140) (0.118) (0.312) (0.463) (0.494) (0.120) (0.316)
d1982 -0.001 0.023 0.038 0.011 0.038
(0.040) (0.026) (0.062) (0.026) (0.061)
d1983 -0.085 ***  -0.041 -0.044 -0.084 * -0.044
(0.044) (0.036) (0.042) (0.031) (0.042)
d1984 -0.124 * -0.043 -0.045 -0.103 * -0.045
(0.046) (0.046) (0.055) (0.037) (0.055)
d1985 0111 **  -0.017 -0.021 -0.096 ***  -0,021
(0.055) (0.063) (0.074) (0.049) (0.075)
d1986 -0.084 0.035 0.006 -0.069 0.006
(0.063) (0.078) (0.128) (0.060) (0.129)
d1987 -0.050 0.100 0.044 -0.031 0.044
(0.071) (0.093) (0.216) (0.071) (0.217)
WEST -0.229 * 20230 **  -0.205 ***  -0.227 **  -0.205
(0.046) (0.108) (0.114) (0.100) (0.175)

CENTRAL -0.178 * 0164 **  -0.173 ** 0194 * -0.173 ***
(0.028) (0.064) (0.067) (0.060) (0.103)
URBAN -0.136 ** -0.035 -0.080 -0.225 ***  -0,080
(0.054) (0.132) (0.144) (0.116) (0.214)

LPCTMIN 0179 * 0.148 * 0.169 * 0.189 * 0.169 **
(0.020) (0.049) (0.053) (0.041) (0.080)
Const 2721 * -2.097 -1.977 -0.954 -1.974
(0.966) (2.822) (4.001) (1.284) (5.246)

MuHat 1.000 *
(0.033)

Notes: Left-hand-side variable is the logarithm of the county crime rate. The regressors WEST, CENTRAL, URBAN, AND LPCTMIN
are time-invariant regressors. The regressors d1982-1987 represent time dummies. The MuHat coefficient corresponds to the
coefficient accompanying the set of pseudo-effects generated by G3SPD. 2SLS estimators instrumentaliza LPRBARR AND
LPOLPC. It is assumed that none of the regressors is singly-exogenous. The dataset corresponds to Baltagi (2006) and is
available from the Journal of Applied Econometrics web site. Sample: 90 counties throughout 7 years. Numbers in parenthesis
indicate the standard error. Significance at 1%, 5%, and 10% are represented by ‘*’, “**’ and ‘“***' respectively.




Figure 9. Economics of Crime: fitted values for North Carolina, 1981-1987.
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Notes: Fitted values for the logarithm of county crime rate as obtained from the estimations reported in Table 3. The blue line
corresponds to the 45-degrees line. Sample: 90 counties throughout 7 years.




Table 4. Wage determinants and returns to schooling:

estimates from a subsample of the PSID, 1976-1982.
(specification by Cornwell and Rupert, 1988, without controlling for time effects)

oLS FE BE GLS EC HTM HTAM HTBMS (a) HTBMS (b) G3SPD
[1] [2] [3] [4] [5] [6] [7] [8] [9] [10]
WKS 0.004 * 0.001 0.009 ** 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.004) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001)
SOUTH -0.056 * -0.002 -0.057 ** 0.004 -0.017 0.007 0.009 0.012 0.010 -0.002
(0.013) (0.034) (0.026) (0.032) (0.027) (0.033) (0.032) (0.032) (0.032) (0.032)

SMSA 0.152 * -0.042 ** 0.176 * -0.046 ** -0.014 -0.042 ** -0.043 ** -0.045 ** -0.044 ** -0.042 **

(0.012) (0.019) (0.026) (0.019) (0.020) (0.019) (0.019) (0.019) (0.019) (0.019)
MS 0.048 ** -0.030 0.115 ** -0.038 ** -0.075 * -0.036 *** -0.036 *** -0.036 *** -0.036 *** -0.030
(0.021) (0.019) (0.048) (0.019) (0.023) (0.019) (0.019) (0.019) (0.019) (0.018)

EXP 0.040 * 0.113 * 0.032 * 0.109 * 0.082 * 0.113 * 0.113 * 0.113 * 0.113 * 0.113 *
(0.002) (0.002) (0.005) (0.002) (0.003) (0.002) (0.002) (0.002) (0.002) (0.003)

EXP2 -0.001 * 0.000 * -0.001 * 0.000 * -0.001 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
occ -0.140 * -0.021 -0.168 * -0.024 *** -0.050 * -0.021 -0.022 -0.022 -0.022 -0.021
(0.015) (0.014) (0.034) (0.013) (0.017) (0.014) (0.014) (0.014) (0.014) (0.014)
IND 0.047 * 0.019 0.058 ** 0.015 0.004 0.019 0.018 0.018 0.018 0.019
(0.012) (0.015) (0.026) (0.015) (0.017) (0.015) (0.015) (0.015) (0.015) (0.015)

UNION 0.093 * 0.033 ** 0.109 * 0.037 ** 0.063 * 0.030 ** 0.030 ** 0.030 ** 0.030 ** 0.033 **

(0.013) (0.015) (0.029) (0.015) (0.017) (0.015) (0.015) (0.015) (0.015) (0.014)

FEM -0.368 * -0.317 * -0.161 -0.339 * -0.137 -0.141 -0.149 -0.145 -0.317 *
(0.025) (0.055) (0.136) (0.051) (0.127) (0.127) (0.128) (0.127) (0.028)

BLK -0.167 * -0.158 * -0.266 -0.210 * -0.282 -0.261 -0.215 -0.239 -0.158 *
(0.022) (0.045) (0.166) (0.058) (0.177) (0.166) (0.163) (0.163) (0.024)

ED 0.057 * 0.051 * 0.138 * 0.100 * 0.141 ** 0.155 * 0.190 * 0.172 * 0.051 *
(0.003) (0.006) (0.015) (0.006) (0.066) (0.048) (0.040) (0.042) (0.003)

Const 5.251 * 5.121 * 3.030 * 4.264 * 2.884 * 2.702 * 2.259 * 2.492 * 5.121 *
(0.072) (0.204) (0.209) (0.098) (0.853) (0.628) (0.516) (0.548) (0.093)

MuHat 1.000 *
(0.006)

Notes: Left-hand-side variable is the logarithm of wage. The regressors FEM, BLK, and ED are time-invariant regressors. The
MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by the G3SPD estimator.
Hausman-Taylor estimates with the Breusch, Mizon and Schmidt’s (1989) instruments (HTBMS) are obtained under two
assumptions of exogeneity of regressors: (a) UNION is doubly-exogenous; (b) UNION is singly-exogenous. In all cases, FEM and
BLK are considered doubly-exogenous while ED is singly-exogenous. The dataset corresponds to Baltagi and Khanti-Akom
(1990) and is available from the Journal of Applied Econometrics web site. Sample: 595 individuals throughout 7 years. Numbers
in parenthesis indicate the standard error. Significance at 1%, 5%, and 10% are represented by ‘*’, “**’, and “***’ respectively.




Table 5. Wage determinants and returns to schooling:

estimates from a subsample of the PSID, 1976-1982.
(specification by Cornwell and Rupert, 1988, controlling for time effects)

oLS FE BE GLS EC HTM HTAM HTBMS (a) HTBMS (b) G3SPD
[1] [2] [3] [4] [5] [6] [71 [8] [9] [10]
WKS 0.004 * 0.001 0.009 ** 0.001 0.001 *** 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
SOUTH -0.060 * 0.003 -0.057 ** -0.009 -0.058 * 0.011 0.008 0.008 0.007 0.003
(0.012) (0.034) (0.026) (0.030) (0.022) (0.032) (0.031) (0.031) (0.031) (0.032)
SMSA 0.165 * -0.042 ** 0.176 * -0.029 *** 0.047 * -0.040 ** -0.039 ** -0.039 ** -0.038 ** -0.042 **
(0.012) (0.019) (0.026) (0.018) (0.016) (0.019) (0.019) (0.018) (0.018) (0.019)
MS 0.081 * -0.029 0.115 ** -0.031 *** -0.018 -0.034 *** -0.033 *** -0.033 *** -0.033 *** -0.029
(0.018) (0.019) (0.048) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.019)
EXP 0.032 * 0.104 * 0.032 * 0.039 * 0.030 * 0.091 * 0.081 * 0.078 * 0.079 * 0.104 *
(0.002) (0.009) (0.005) (0.004) (0.002) (0.008) (0.007) (0.007) (0.007) (0.011)
EXP2 -0.001 * 0.000 * -0.001 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
occ -0.136 * -0.019 -0.168 * -0.022 *** -0.044 * -0.019 -0.019 -0.020 -0.020 -0.019
(0.013) (0.014) (0.034) (0.013) (0.013) (0.014) (0.013) (0.013) (0.013) (0.014)
IND 0.054 * 0.021 0.058 ** 0.022 0.029 ** 0.021 0.021 0.021 0.021 0.021
(0.010) (0.015) (0.026) (0.014) (0.013) (0.015) (0.015) (0.015) (0.015) (0.015)
UNION 0.085 * 0.030 ** 0.109 * 0.029 ** 0.041 * 0.027 *** 0.027 *** 0.026 *** 0.026 *** 0.030 **
(0.011) (0.015) (0.029) (0.014) (0.013) (0.015) (0.014) (0.014) (0.014) (0.014)
d1978 0.158 * 0.041 * 0.139 * 0.156 * 0.060 * 0.075 * 0.080 * 0.079 * 0.041 **
(0.015) (0.015) (0.009) (0.008) (0.014) (0.013) (0.012) (0.012) (0.016)
d1979 0.246 * 0.052 ** 0.215 * 0.243 * 0.083 * 0.108 * 0.117 * 0.115 * 0.052 **
(0.015) (0.023) (0.011) (0.008) (0.021) (0.019) (0.018) (0.018) (0.025)
d1980 0.324 * 0.055 *** 0.283 * 0.321 * 0.099 * 0.134 * 0.147 * 0.143 * 0.055
(0.015) (0.032) (0.013) (0.009) (0.028) (0.025) (0.024) (0.025) (0.034)
d1981 0.399 * 0.046 0.340 * 0.390 * 0.102 * 0.148 * 0.164 * 0.160 * 0.046
(0.016) (0.040) (0.016) (0.009) (0.036) (0.032) (0.030) (0.031) (0.044)
d1982 0.482 * 0.046 0.406 * 0.468 * 0.115 * 0.171 * 0.190 * 0.185 * 0.046
(0.016) (0.049) (0.019) (0.010) (0.043) (0.039) (0.037) (0.038) (0.053)
FEM -0.353 * -0.317 * -0.389 * -0.422 * -0.217 *** -0.252 ** -0.266 ** -0.262 ** -0.317 *
(0.022) (0.055) (0.120) (0.040) (0.118) (0.115) (0.115) (0.115) (0.028)
BLK -0.161 * -0.158 * -0.164 -0.153 * -0.193 -0.178 -0.155 -0.168 -0.158 *
(0.019) (0.045) (0.146) (0.045) (0.162) (0.148) (0.144) (0.145) (0.024)
ED 0.054 * 0.051 * 0.081 * 0.067 * 0.166 * 0.157 * 0.167 * 0.159 * 0.051 *
(0.002) (0.006) (0.014) (0.005) (0.060) (0.043) (0.035) (0.037) (0.003)
Const 5.135 * 5.121 * 4921 * 5.240 * 2.916 * 3.203 * 3.140 * 3.224 * 5.087 *
(0.062) (0.204) (0.204) (0.078) (0.770) (0.570) (0.488) (0.508) (0.094)
MuHat 1.000 *
(0.014)

Notes: Left-hand-side variable is the logarithm of wage. The regressors FEM, BLK, and ED are time-invariant regressors. The
MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by the G3SPD estimator.
Hausman-Taylor estimates with the Breusch, Mizon and Schmidt’s (1989) instruments (HTBMS) are obtained under two
assumptions of exogeneity of regressors: (a) UNION is doubly-exogenous; (b) UNION is singly-exogenous. In all cases, FEM and
BLK are considered doubly-exogenous while ED is singly-exogenous. The regression includes 5 time-dummies, namely d1978-
d1982, to control for time effects. The dataset corresponds to Baltagi and Khanti-Akom (1990) and is available from the Journal
of Applied Econometrics web site. Sample: 595 individuals throughout 7 years. Numbers in parenthesis indicate the standard
error. Significance at 1%, 5%, and 10% are represented by ‘*’, “**’, and ***’, respectively.




Figure 10. Wage determinants and returns to schooling:

Cumulative distribution of the absolute bias of fitted models
(specification by Cornwell and Rupert, 1988)

Without controlling for time effects
(fitted values based on estimates from Table 4)

Controlling for time effects
(fitted values based on estimates from Table 5)
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Notes: Fitted values corresponding to estimations in Table 4 and 5. For more details, see the corresponding notes. Frequencies
computed as the number of observations in each bin. Sample: 595 individuals throughout 7 years.




Table 6. Wage determinants and returns to schooling:

estimates from a subsample of the PSID, 1976-1982.
(specification by Baltagi and Khanti-Akom, 1990, without controlling for time effects)

oLs FE BE GLS EC HTM HTAM HTBMS (a) HTBMS (b) G3SPD
[1] [2] (31 [4] [5] [6] [7] [8] 9 [10]
occ -0.140 * -0.021 -0.168 * -0.024 *** -0.050 * -0.021 -0.021 -0.020 -0.021 -0.021
(0.015) (0.014) (0.034) (0.013) (0.017) (0.014) (0.014) (0.014) (0.014) (0.014)
SOUTH -0.056 * -0.002 -0.057 ** 0.004 -0.017 0.007 0.007 0.008 0.007 -0.002
(0.013) (0.034) (0.026) (0.032) (0.027) (0.032) (0.032) (0.032) (0.032) (0.032)

SMSA 0.152 * -0.042 ** 0.176 * -0.046 ** -0.014 -0.042 ** -0.042 ** -0.042 ** -0.042 ** -0.042 **

(0.012) (0.019) (0.026) (0.019) (0.020) (0.019) (0.019) (0.019) (0.019) (0.019)
IND 0.047 * 0.019 0.058 ** 0.015 0.004 0.014 0.014 0.014 0.014 0.019
(0.012) (0.015) (0.026) (0.015) (0.017) (0.015) (0.015) (0.015) (0.015) (0.015)

EXP 0.040 * 0.113 * 0.032 * 0.109 * 0.082 * 0.113 * 0.113 * 0.113 * 0.113 * 0.113 *
(0.002) (0.002) (0.005) (0.002) (0.003) (0.002) (0.002) (0.002) (0.002) (0.003)

EXP2 -0.001 * 0.000 * -0.001 * 0.000 * -0.001 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
WKS 0.004 * 0.001 0.009 ** 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
MS 0.048 ** -0.030 0.115 ** -0.038 ** -0.075 * -0.030 -0.030 -0.030 -0.030 -0.030
(0.021) (0.019) (0.048) (0.019) (0.023) (0.019) (0.019) (0.019) (0.019) (0.018)

UNION 0.093 * 0.033 ** 0.109 * 0.037 ** 0.063 * 0.033 ** 0.032 ** 0.033 ** 0.032 ** 0.033 **

(0.013) (0.015) (0.029) (0.015) (0.017) (0.015) (0.015) (0.015) (0.015) (0.014)

FEM -0.368 * -0.317 * -0.161 -0.339 * -0.131 -0.132 -0.134 -0.133 -0.317 *
(0.025) (0.055) (0.136) (0.051) (0.127) (0.127) (0.127) (0.127) (0.028)

BLK -0.167 * -0.158 * -0.266 -0.210 * -0.286 *** -0.286 *** -0.279 *** -0.284 *** -0.158 *
(0.022) (0.045) (0.166) (0.058) (0.156) (0.155) (0.155) (0.155) (0.024)

ED 0.057 * 0.051 * 0.138 * 0.100 * 0.138 * 0.137 * 0.142 * 0.138 * 0.051 *
(0.003) (0.006) (0.015) (0.006) (0.021) (0.021) (0.020) (0.020) (0.003)

Const 5.251 * 5.121 * 3.030 * 4.264 * 2,913 * 2927 * 2.873 * 2921 * 5.121 *
(0.072) (0.204) (0.209) (0.098) (0.284) (0.275) (0.272) (0.274) (0.093)

MuHat 1.000 *
(0.006)

Notes: Left-hand-side variable is the logarithm of wage. The regressors FEM, BLK, and ED are time-invariant regressors. The
MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by the G3SPD estimator.
Hausman-Taylor estimates with the Breusch, Mizon and Schmidt’s (1989) instruments (HTBMS) are obtained under two
assumptions of exogeneity of regressors: (a) UNION is doubly-exogenous; (b) UNION is singly-exogenous. In all cases, FEM and
BLK are considered doubly-exogenous while ED is singly-exogenous. The dataset corresponds to Baltagi and Khanti-Akom
(1990) and is available from the Journal of Applied Econometrics web site. Sample: 595 individuals throughout 7 years. Numbers
in parenthesis indicate the standard error. Significance at 1%, 5%, and 10% are represented by ‘*’, “**’, and “***’ respectively.




Table 7. Wage determinants and returns to schooling:

estimates from a subsample of the PSID, 1976-1982.
(specification by Baltagi and Khanti-Akom, 1990, controlling for time effects)

oLs FE BE GLS EC HTM HTAM HTBMS (a) HTBMS (b) G3SPD
[1] [2] (31 [4] [5] [6] [7] [8] [9 [10]
occ -0.136 * -0.019 -0.168 * -0.022 *** -0.044 * -0.018 -0.019 -0.019 -0.019 -0.019
(0.013) (0.014) (0.034) (0.013) (0.013) (0.014) (0.013) (0.013) (0.013) (0.014)
SOUTH -0.060 * 0.003 -0.057 ** -0.009 -0.058 * 0.009 0.006 0.004 0.004 0.003
(0.0112) (0.034) (0.026) (0.030) (0.021) (0.031) (0.031) (0.031) (0.031) (0.032)
SMSA 0.165 * -0.042 ** 0.176 * -0.029 *** 0.047 * -0.039 ** -0.037 ** -0.036 ** -0.036 ** -0.042 **
(0.0112) (0.019) (0.026) (0.018) (0.016) (0.019) (0.018) (0.018) (0.018) (0.019)
IND 0.054 * 0.021 0.058 ** 0.022 0.029 ** 0.016 0.017 0.018 0.018 0.021
(0.010) (0.015) (0.026) (0.014) (0.013) (0.015) (0.015) (0.015) (0.015) (0.015)
EXP 0.032 * 0.104 * 0.032 * 0.039 * 0.030 * 0.099 * 0.088 * 0.082 * 0.083 * 0.104 *
(0.002) (0.009) (0.005) (0.004) (0.002) (0.008) (0.008) (0.007) (0.007) (0.011)
EXP2 -0.001 * 0.000 * -0.001 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
WKS 0.004 * 0.001 0.009 ** 0.001 0.001 *** 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
MS 0.081 * -0.029 0.115 ** -0.031 *** -0.018 -0.029 -0.029 -0.030 -0.030 -0.029
(0.018) (0.019) (0.048) (0.018) (0.018) (0.019) (0.018) (0.018) (0.018) (0.019)
UNION 0.085 * 0.030 ** 0.109 * 0.029 ** 0.041 * 0.030 ** 0.029 ** 0.029 ** 0.029 ** 0.030 **
(0.011) (0.015) (0.029) (0.014) (0.013) (0.015) (0.015) (0.014) (0.014) (0.014)
d1978 0.158 * 0.041 * 0.139 * 0.156 * 0.048 * 0.065 * 0.074 * 0.072 * 0.041 **
(0.015) (0.015) (0.009) (0.008) (0.014) (0.013) (0.013) (0.013) (0.016)
d1979 0.246 * 0.052 ** 0.215 * 0.243 * 0.063 * 0.091 * 0.107 * 0.104 * 0.052 **
(0.015) (0.023) (0.011) (0.008) (0.022) (0.020) (0.019) (0.019) (0.025)
d1980 0.324 * 0.055 *** 0.283 * 0.321 * 0.071 ** 0.111 * 0.133 * 0.128 * 0.055
(0.015) (0.032) (0.013) (0.009) (0.029) (0.027) (0.025) (0.026) (0.034)
d1981 0.399 * 0.046 0.340 * 0.390 * 0.067 *** 0.117 * 0.146 * 0.140 * 0.046
(0.016) (0.040) (0.016) (0.009) (0.037) (0.034) (0.032) (0.032) (0.044)
d1982 0.482 * 0.046 0.406 * 0.468 * 0.072 0.134 * 0.168 * 0.161 * 0.046
(0.016) (0.049) (0.019) (0.010) (0.045) (0.041) (0.039) (0.039) (0.053)
FEM -0.353 * -0.317 * -0.389 * -0.422 * -0.177 -0.217 *** -0.240 ** -0.235 ** -0.317 *
(0.022) (0.055) (0.120) (0.040) (0.118) (0.116) (0.114) (0.115) (0.028)
BLK -0.161 * -0.158 * -0.164 -0.153 * -0.260 *** -0.239 *** -0.224 -0.229 *** -0.158 *
(0.019) (0.045) (0.146) (0.045) (0.142) (0.139) (0.138) (0.138) (0.024)
ED 0.054 * 0.051 * 0.081 * 0.067 * 0.132 * 0.125 * 0.124 * 0.122 * 0.051 *
(0.002) (0.006) (0.014) (0.005) (0.020) (0.019) (0.018) (0.019) (0.003)
Const 5.135 * 5.121 * 4.921 * 5.240 * 3.219 * 3.505 * 3.626 * 3.623 * 5.087 *
(0.062) (0.204) (0.204) (0.078) (0.321) (0.303) (0.295) (0.297) (0.094)
MuHat 1.000 *
(0.014)

Notes: Left-hand-side variable is the logarithm of wage. The regressors FEM, BLK, and ED are time-invariant regressors. The
MuHat coefficient corresponds to the coefficient accompanying the set of pseudo-effects generated by the G3SPD estimator.
Hausman-Taylor estimates with the Breusch, Mizon and Schmidt’s (1989) instruments (HTBMS) are obtained under two
assumptions of exogeneity of regressors: (a) UNION is doubly-exogenous; (b) UNION is singly-exogenous. In all cases, FEM and
BLK are considered doubly-exogenous while ED is singly-exogenous. The regression includes 5 time-dummies, namely d1978-
d1982, to control for time effects. The dataset corresponds to Baltagi and Khanti-Akom (1990) and is available from the Journal
of Applied Econometrics web site. Sample: 595 individuals throughout 7 years. Numbers in parenthesis indicate the standard
error. Significance at 1%, 5%, and 10% are represented by ‘*’, “**’, and ***’, respectively.




Figure 11. Wage determinants and returns to schooling:

Cumulative distribution of the absolute bias of fitted models
(specification by Baltagi and Khanti-Akom, 1990)

Without controlling for time effects
(based on estimates from Table 6)

Controlling for time effects
(based on estimates from Table 7)
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Notes: Fitted values corresponding to estimations in Table 6 and 7. For more details, see the corresponding notes. Frequencies
computed as the number of observations in each bin. Sample: 595 individuals throughout 7 years.




Table 8. Estimation results from Monte Carlo simulations for a wage equation

with a time-invariant omitted variable correlated with included regressors
(Absolute bias, measured in %)

FIXED EFFECTS
p=0 p=0.35 p=0.70
Vars. oLs EC HTM  G3SPD oLs EC HTM  G3SPD oLS EC HTM  G3SPD
EXP 1101 1081 0367  0.405 0.118  0.118 0419  0.400 0.03 0042 0476  0.409
(5.58)  (5.59) (14.85) (15.10) (5.58)  (5.59)  (14.83) (15.11) (5.58)  (5.57)  (14.90) (15.10)
EXP2 8125 8002 4161  2.58 1.025 0997 3970 2561 0.058  0.009 3.868  2.606
(33.26) (33.33) (92.81) (93.00) (33.26)  (33.31) (92.77) (93.03) (33.26) (33.19) (93.12) (92.97)
FEM 3277 3305 3368  3.404 1.290 1.224 0500  1.960 1.399 1.457 1.887  0.934
(23.69) (23.70) (25.48) (24.71) (23.69) (23.70) (25.66) (24.71) (23.69) (23.67) (25.56) (24.71)
BLK 7.813  7.799 16774  7.673 0222 0229 16568 0412 1.302 1314  17.815  1.554
(40.29) (40.28) (131.22) (40.33) (40.29)  (40.28) (143.62) (40.33) (40.29)  (40.28) (134.01) (40.33)
ED 0.147 0148 13287  1.022 9.896  9.811  23.155  9.036 9357 9302 28.141  8.367
(14.37) (14.34) (257.61) (14.93) (14.37) (14.47) (285.70) (14.94) (14.37)  (14.49) (267.71) (14.95)
RANDOM EFFECTS
p=0 p=0.35 p=0.70

Vars. oLs EC HTM  G3SPD oLs EC HTM  G3SPD oLs EC HTM  G3SPD

EXP 1209 1184 0319 0408 0.227 0217 0342 0414 0072 0057 0357 0411
(5.59) (5.61) (14.91) (15.10) (559)  (5.62)  (14.89) (15.10) (5.59)  (5.61)  (14.85) (15.09)

EXP2 8659 8515 4344  2.603 1.558 1482  3.924  2.632 0592  0.492 3.500  2.617
(33.35) (33.44) (93.15) (93.02) (33.35)  (33.45) (93.05) (93.00) (33.35) (33.42) (92.81) (92.95)

FEM 2211 2253 2759 2016 2.356 2.285 1.186  3.349 0333  0.383 1.027 0455
(23.81) (23.81) (25.78) (24.85) (23.81) (23.80) (25.71) (24.84) (23.81) (23.81) (25.68) (24.85)

BLK 6.318 6298 15846 6178 1.718 1724 12910  1.905 2798  2.810  9.947  3.048
(40.24) (40.24) (135.62) (40.29) (40.24)  (40.24) (138.12) (40.29) (40.24)  (40.23) (135.71) (40.29)

ED 0581  0.607 14.365  0.525 10.331 10265 18.369  9.493 9.792 9.747  14.447  8.877
(14.42) (14.47) (271.83) (15.04) (14.42)  (14.40) (273.91) (14.99) (14.42)  (14.47) (267.20) (15.04)

Notes: Left-hand-side variable is the logarithm of wage. The estimated model coincides with the one showed in Table 4. The
regressors FEM, BLK, and ED are time-invariant regressors. The original dataset corresponds to Baltagi and Khanti-Akom (1990)
and is available from the Journal of Applied Econometrics web site. Complementary information as well as Monte Carlo
simulations are explained in Section 6. The parameter p refers to the correlation of the omitted variable with ED. Numbers in
parenthesis indicate the empirical standard error corresponding to each set of 500 estimated coefficients.
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CHAPTER 2

A Generalized Three-Step Panel Data Estimator:

Inference Issues

2.1 Introduction

In a companion paper (see Avanzini, 2010, and chapter 1, above), we have shown
that the Generalized Three-Step Panel Data (G3SPD) estimator performs better in terms
of bias than other available estimators when either the dimension-varying or the dimension-
invariant regressors and the unobservable effects are correlated. However, as it is well known,
there is a tradeoff between bias and variance that we need to address in order to have a
complete picture of the behavior of the G3SPD estimator. Both biased estimates and big
variances lead to inaccurate inference. While measures such as the root mean squared error
(RMSE) capture the total tradeoff, it is not possible to know its sources. Given that the
G3SPD estimator is less biased than other available estimators in this context, we need to
show also that its accuracy for inference purposes has not been undermined as a by-product
of the reduced bias.

The G3SPD estimator allows the estimation of single-equation and systems of si-
multaneous equations models with panel data, when the "true model" contains unobservable
effects. Particularly, the G3SPD has proven to be very reliable en terms of bias when faced

with the problem of obtaining consistent estimates when (i) the set of regressors includes



121

dimension-invariant variables, and (ii) some (or all) of the regressors are correlated with the
unobservable effects. In this context, the least squares methods (OLS) yield biased estimates
when the true model contains fixed effects, and when the regressors are correlated with un-
observable information. Error-components models (EC) also yield biased estimates when
regressors are correlated with the effects: this results from the biased estimates obtained by
the between-groups estimator (BE). Within-groups estimators (FE) obtain unbiased and
consistent estimates even when the regressors are correlated with the unobservable effects,
at the cost of neglecting the impact of the dimension-invariant variables (which are wiped
out by the within-groups transformation). Finally, an intermediate solution by Hausman
and Taylor (1981) uses instrumental variables taken from the same panel to control the bias

generated by the correlation between the regressors and the unobservable effects.!

Using
Monte Carlo simulations, Avanzini (2010, and chapter 1, above) showed that all previous
estimators perform poorly in terms of bias.

The G3SPD estimator consists of a three-step estimation procedure that obtains
substantially less biased estimators for all the coefficients in the regression, irrespective of
assuming fixed- or random-effects. This estimator introduces a new regressor, dubbed the
pseudo-effects, to control the bias generated by the correlation between the regressors and
the unobservable effects. The pseudo-effects are obtained from within- and between-groups
regressions; the latter are not necessarily unbiased though, in the overall, they help to

control the bias of the endogenous regressors.

In this chapter we present the exact variance-covariance of the G3SPD estimator

Tn this case, obtaining estimates of the coefficients of the dimension-invariant regressors depends on the
availability of totally exogenous dimension-varying regressors which are used as instruments.
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and compares its accuracy against other available estimators. The exact variance-covariance
matrix allows for the inclusion of generated regressors, i.e. the pseudo-effects. We show that
the standard errors obtained from the residuals of the 3"¢ Step regression of the G3SPD
estimator are downward biased because they do not account for the stochasticity of the gen-
erated or imputed regressors. The proposed variance-covariance matrix is at least as big as
the variance-covariance matrix of other panel data estimators. However, using Monte Carlo
experiments, we show that the adjusted matrix obtains more reliable standard errors than
other panel data estimators, as compared with the variability of the estimated coefficients.
We also analyze the behavior of the estimated standard errors and how they can
affect inference. Particularly, we analyze the confidence intervals built on those estimated
standard errors: using Monte Carlo simulations, we compare the size of the confidence
intervals obtained by the G3SPD estimator and by the forementioned methods. We find that
the G3SPD adjusted-standard errors outperforms the other ones in terms of the accuracy
of the confidence intervals, with substantial improvements for the system estimator.
According to our experiments, alternative panel data methods perform poorly,
exacerbating the size of the standard errors and the confidence intervals, specially the
Hausman-Taylor-type procedures (HT). The problem aggravates when estimating the entire
system of simultaneous equations. The pattern of behavior of these estimators hardly change
with increasing sample size, while aggravating with higher correlation between the regressors
and the unobservable effects. Hence, even when it may be tempting to use estimators with
smaller standard errors, inference may be highly misleading, as it can be concluded from our

Monte Carlo simulations. On the other hand, the G3SPD estimator obtains more reliable
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standard errors across different sample sizes and degrees of correlation of the regressors with
the unobservable effects, for both fixed- and random-effects designs. Moreover, sensible
improvements in the size of the confidence intervals and accuracy of the estimated standard
errors can be achieved by applying the G3SPD estimator to the entire system of equations.

Our study develops in six sections including the current one. Generalities of the
G3SPD estimator as well as a workhorse model are presented in Section 2.2. In Section 2.3
we discuss the estimation of the standard errors and introduce the exact variance-covariance
matrix for the 3" Step estimator. The analysis of the behavior of the standard errors and
the confidence intervals are performed in Section 2.4 based on Monte Carlo simulations.
Section 2.5 contains comments regarding alternative strategies to estimate the standard
errors, as well as possible paths to improve the efficiency of the G3SPD estimator. Section
2.6 concludes. In Appendix 2.A we describe the measures used in this chapter to evaluate

the behavior of the standard errors and the confidence intervals.

2.2 The G3SPD estimator

2.2.1 Overview

In Avanzini (2010, and chapter 1, above), we developed a three-step estimation
procedure, the Generalized Three-Step Panel Data estimator (G3SPD), that is capable to
obtain substantially less biased estimates of the coefficients when the panel data model
contains both dimension-varying and dimension-invariant regressors correlated with the
unobservable effects, irrespective of assuming fixed or random effects. The G3SPD estima-

tor is based on a simple intuition: if the source of bias in a panel data regression is the
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correlation between the regressors and the unobservable effects, introducing an estimate
of the latter in the model may contribute to eliminate, or at least attenuate, such bias.
Consequently, obtaining a set of estimates of the unobservable effects is a key feature of
the G3SPD estimator, that requires a multi-step regression procedure. Thus, the method
consists of three estimation steps: the first step is aimed to obtain consistent estimates of
the coefficients of the dimension-varying covariates, while the second step obtains a set of
estimators (not necessarily unbiased) for both the dimension-varying and the dimension-
invariant covariates. Both sets of estimators are combined to obtain a set of estimated
unobservable effects dubbed pseudo-effects. The third step includes the pseudo-effects into
a pooled regression together with dimension-varying and dimension-invariant covariates.
According to the Monte Carlo simulations, this three-step procedure yields less biased esti-
mators for all coefficients when compared with other methods such as Pooled OLS, FE and
BE, EC, and HT estimators.

The proposed G3SPD estimator has remarkable characteristics: first, it outper-
forms all other panel data estimators by a substantial measure, whether in terms of bias,
variability, and RMSE. Second, the performance of the G3SPD estimator does not depend
on assuming fixed or random effects, given that the procedure does not require a decision
over a set of possible estimation methods as in the usual approaches. Third, the estimator
handles both the "panel” and the "time-series cross-section” setups. Moreover, according
to the Monte Carlo simulations, it presents a good performance in finite samples, and its
bias diminishes with increases on the total sample size, irrespective of whether N or T

increases. Fourth, classifying the regressors as singly- or doubly-exogenous (a key issue in
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HT procedures) is irrelevant because there is no need to instrumentalize the correlation
between the regressors and the unobservable effects once the pseudo-effects are introduced
in the regression. Fifth, the residuals of the 3"% Step of G3SPD estimator are closer to the
true innovations of the model, which implies better forecasting, inference, and estimation
of the n—dimensional confidence-intervals.

From a practical perspective, implementing the G3SPD estimator has other ad-
vantages: first, given that the G3SPD equation-by-equation estimator proved to perform
very similar to the system estimator, equation-by-equation modelling can be used whenever
there is a risk of generalized bias arising in system estimation when one of the equations is
misspecified. Second, the method deals with dimension-invariant variables and endogeneity
of regressors in a simple and elegant way, and it relies on widely known statistical proper-
ties, namely those regarding within- and between-groups estimators, and GMM estimators
for systems of equations. Third, its estimation procedure is simple, apparent, and quick:
estimating G3SPD implies running a within-groups estimator, a between-groups estimator,
and a pooled regression. Finally, the estimator is able to accomodate several alternative
specifications that account for SUR designs, block-diagonal simultaneous equations (parti-
tioned systems of equations), unbalanced panels, n—way or multidimensional panels, etc,

and can be easily implemented using standard econometric packages.

2.2.2 A workhorse model

Although the G3SPD estimator can be applied to n—dimensional panels, in order
to simplify the exposition, we concentrate on one-way balanced panels with unobservable

individual-specific effects. Consequently, consider the (reduced-form) system of simultane-
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ous equations’:

y=Yrn+ XB+Zy+n (2.1)

where the unobservable part is assumed to follow:

N=2Zep+ Zup+e (2.2)

The system in [2.1] contains G equations, with N observations throughout 7" periods of time
in each equation, where y is a GNT x 1 vector containing the set of endogenous left-hand
side variables, and Y is a GNT x (G — 1) matrix containing the (G — 1) set of remaining
endogenous variables appearing on the right-hand side of each equation. Hence y, isa NT'x1
vector, and Yy is a NT'x (G —1) matrix. Aditionally, the right-hand side set of variables may
include K dimension-varying covariates — the X’s — and J dimension-invariant covariates —
the Z’s. These are block-diagonal matrices of size GNT x GK and GNT x G J, respectively.?
The corresponding set of coefficients are block-diagonal arrangements of parameters: 7 is a
G(G — 1) x G matrix, 8 is a GK x G matrix, and 7 is a G.J x G matrix.*

Regarding exogeneity, we adopt the Cornwell et al. (1992) classification, which
separates the regressors in three categories: doubly ezogenous (covariates that are uncor-
related with both the stochastic term and the effects), singly exogenous (covariates that
are uncorrelated with the stochastic term but correlated with the effects), and endogenous
covariates (those correlated with both the stochastic error term and the effects). We assume

that the correlation between the regressors and the unobservable individual-specific effects

2For the sake of brevity, we explain the G3SPD estimator in the context of a system of simultancous
equations estimation given that it encompasses single-equation estimation as well.

3Note that the Z’s do not vary across time periods remaining constant for each individual, which will
imply perfect collinearity with the individual-specific effects, as defined afterwards.

4For exposition purposes, assume that all equations share the same number of dimension-varying and
dimension-invariant regressors.
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only involve their individual means.

We assume that the unobservable information in [2.2] can be split into three com-
ponents for each equation: a constant ¢ (which can be thought as corresponding to the error
mean), a set of individual effects u (corresponding to a constant term for each individual),
and a purely stochastic component €. 7, is a selector matrix representing a set of dummy
variables for each individual that arrange the i, allocating one for each individual for all
time periods, and it is obtained as Zug = Iy ® vp, whereas for the whole system we have
Z,=1Ig® Zug~ Z, is a selector matrix representing a set of dummy variables that allocates
¢4 In the corresponding equation, and is obtained as Z, = Ig @ ty7. The (homoskedas-
tic) stochastic error term of each equation in the model distributes 4 ~ 7id(0, Ugg). Thus,
the stochastic error term of the system is ¢ ~ #id (0,X. ® Iy7). When fixed effects are
assumed, the set of unobservable effects p, remains constant for each possible realization
of y, while varying among individuals according to u, ~ iid(0, Uzg).E’ In this case, the sto-
chastic part of 17 only corresponds to ¢, and 7, ~ iid (gog + figs a?g) . For the whole system,
n ~ id (Zyp + Zup, X @ InT) . Alternatively, when random effects are assumed, the set of
unobservable effects p,; varies across the possible realizations of y for each individual: in
this case pu,; ~ 11d(0, azgi). Assuming Uigi = O'Zg Vi=1,...,N;g=1,...,G, it follows that

for the whole system,
S=Em)=%,9(Ix®Jr)+ X @ InT (2.3)

where Jp = vpt/n, v is a column-vector of ones of order 7', and ¥, and X are both G x G

matrices. Using Wansbeek and Kapteyn’s (1982a, 1982b, 1983) results, we can rewrite [2.3]

5This configuration follows from the interpretation of the fixed effects by Hsiao (2002, Ch. 3). This also
justifies the fact that even when the effects are considered fixed, they can be correlated with the regressors
(e.g. see Cornwell and Trumbull, 1994; and Baltagi, 2006).
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as:
Y = (T8,+%) @ (In®Jr) + 2. (In ® Br) (2.4)
= S19PF, +5.®Q,,

where Jr = (1/T)Jr, Er = It — Jr, ¥1 = Ty, + X., and Pug and ng are projection
matrices of the form Py = A(A’A)~'A’ and Q4 = I4 — Pa, respectively, and I is a
conformable identity matrix.5 Notice that P“g is the between-groups transformation that
returns the individual means from a panel dataset, and Q#g is the fixed effects or within-
groups transformation which returns deviations from the individual means.” For the whole

system, P, = Ig ® Pug and Q, = IgnT — P,
2.2.3 The G3SPD procedure
The G3SPD procedure estimates the following system of simultaneous equations:
y=Yrn+XB+Zy+Z,p+ Z,u+e¢ (2.5)

where feasibility of the estimation is solved replacing p with an estimator i that we call the

pseudo-effects. Briefly, the three steps of the method are:

15! Step: Estimate a within-groups-transformed regression. Transform model [2.5]

by pre-multiplying it by ng or @, depending on the type of estimation at hand (i.e.

5The result in [2.4] corresponds to the spectral decomposition of X derived by Baltagi (1980), and which
implies that X" = X1 ® P, +3{ ® Qu,, where r is an arbitrary scalar (see Baltagi, 2005, Ch. 6). This result
facilitates the obtention of the covariance matrixes, and represents the known-form of the heteroskedasticity
of n.

"Note that these projection matrices are symmetric, idempotent, of rank rank(P,,) = tr(P.,) = N
and rank(Qu,) = tr(Qu,) = N(T — 1), orthogonal (i.e. P, Q., = 0), and sum to identity matrix (i.e.
Puy + ng = INT)-
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equation-by-equation or system estimation, respectively) and estimate a regression with

the transformed model. This will yield consistent and unbiased estimators #%¢ and sz.

2"d Step: Estimate a between-groups-transformed regression. Now, estimate a
regression using only the means for each individual obtained from the model [2.5] after trans-
forming it (i.e., pre-multiply it by Py, if it is a single-equation or an equation-by-equation
estimation, or by P, when considering the whole system of simultaneous equations). This

~ b
will yield #%, B, 4%, and @%.

3! Step: Estimate a pooled regression including the pseudo-effects as a new

regressor. Finally, estimate the following pooled regression:
y=Yr+XB+ Zy+ Zyop+ [Zuilp + 1 (2.6)

where we have introduced as a new regressor, [Z,[i], the pseudo-effects. This step obtains
the correct set of residuals that are used in inference, confidence-intervals estimation, fore-
casting, etc. Without this step, we only have dispersed estimates for the set of parameters
in [2.5]. The pseudo-effects comprise a mix of within- and between-groups estimators as
follows:

=Py — P (Y& + XB") = (23" + Z,¢") (2.7)

2.3 Obtaining the standard errors

2.3.1 Standard approach

In Avanzini (2010) we present a set of estimators that can be used in the different

steps of the G3SPD estimator. They belong to the GMM class inspired by Amemiya (1977)
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and are able to accommodate different sets of instruments for different equations when
needed®. General expressions for the equation-by-equation estimator of a generic vector of

parameters 0, and the corresponding (homoskedastic) covariance matrix are given by:

~GMM -1

99 = [R/gW;P[Ag,Bg]WgRg] R;W;P[Ag,Bg]Wgyg (2.8)
AGMM . A2 1

Q = 0Oy [R/QWQ/P[AgﬂBg]WgRg} (2.9)

where R, is the set of regressors included in the equation, W, is a weighting matrix, and
Pla,,B,) is the projection matrix of instruments. The set of instruments [A,, By is capable of
arranging instruments for both dimension-varying, A4, and dimension-invariant endogenous
regressors, B,. The weighting matrix W, allows for heteroskedasticity of various forms and

model transformations. &7 = (£,&,)/dof is a consistent estimator for o2, &, = Wy, —

2

g
~GMM . .

WyR40, is a consistent estimator for €4, and dof stands for the degrees-of-freedom

adjustment?.

Estimating a system of equations allows us to avoid the loss of information im-
plicit in equation-by-equation estimation. In fact, efficiency gains in system of equations
estimation are the result of non-neglecting cross-equation correlations of the disturbances.
However it must be emphasized that the consequences of model misspecification when esti-
mating the entire system are more harmful than when estimating it equation by equation:
a misspecified equation contaminates the entire system and all parameters may be biased,

while estimating it equation by equation only affects the misspecified equation keeping the

other estimated equations unaffected. The extension of the previous estimator to systems

8Some aspects regarding biasedness of GMM estimators, specially in small samples, are discussed in
Section 4 of Avanzini (2010), and Section 1.4, above.
®See Theorem 5.2 and Eqgs. 5-25 to 5-27 in Wooldridge (2002), and Section 5.4 in Greene (2002).
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of simultaneous equations is given by:

~ -1
6 = [Rw' P s WR| T RWP Wy (2.10)

with P§ = A(A’SA)"1A’, where ¥ is a consistent estimator of the covariance matrix!?.
The estimator in [2.10] is capable of arranging different sets of instruments in different
equations, as well as different covariance estimators for the entire system of equations. The
set of instruments [A, B] is a block-diagonal matrix with each block containing the proper
set of instruments for each equation. Different choices of the weighting matrix W and the
set of instruments [A, B| in @gGMM and @GMM allow to accomodate most of the classical
panel-data estimators.!! The corresponding (homoskedastic) covariance matrix estimator
is given by:

~ -1
QMM — |R'W' P W] (2.11)

with P5* = A(A'SA) 1A and S = [g’VdVO’]YVﬂ ® Iyp. The residuals, 2 = Wy — WRIS
are arranged in a NT X G matrix, i.e. &€ = [&1,&9,...,&¢g]|. Asymptotically, $ =¥, though
in small samples they may differ.

The estimators in [2.8] and [2.10] are of the single-step-GMM type which obtains
unbiased and consistent estimates of the coefficients, though not necessarily efficient ones.
Alternative methods have been proposed to improve efficiency, specially in small samples

(e.g. see Hansen, 1982; Hansen et al., 1996; Newey and Smith, 2004), and they are com-

mented in Section 2.5.

108ee Cornwell et al. (1992), Hsiao (2002), Wooldridge (2002), Baltagi (2005), among others, for a detailed
explanation on the procedure to obtain consistent estimates of 3.
See Appendix F in Avanzini (2010), and Appendix 1.F.
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2.3.2 Adjusting for the inclusion of generated regressors

Notice that even when [2.9] and [2.11] are good estimators for the variances of
gg and ¢, respectively, they are not adequate for n, and n in [2.6]. The problem is that
the residuals of the model [2.6] differs from e due to the inclusion of "generated or im-
puted regressors".'? Provided that the two-step model is adequately specified, and that the
auxiliary regression obtains consistent estimates of the coefficients, the generated regressor
will be a consistent estimate of the actual unobserved regressor it proxies. Moreover, the
estimated coefficients in the final-step regression will be consistent as well. However, the
standard errors will be biased and inconsistent (see Pagan, 1984; Hoffman, 1987).

The inconsistency of the standard errors is the result of not accounting for the
fact that we are including estimates of the regressors instead of the actual ones. This
implies that the residual of the regression including the generated regressors differs from
the error of the "true" model. In fact, the use of generated regressors may precipitate a
nonscalar disturbance matrix when they are treated as ordinary nonstochastic regressors.
Consequently, the reliability of inference is questionable: Pagan (1984, 1986) suggests that
the standard errors obtained from OLS and similar methods are inconsistent estimators
of the true ones. Using Monte Carlo experiments designed to measure this bias in small
samples, Hoffman et al. (1984) find that appreciable bias exists and that the number of
spurious rejections is greatly reduced by accounting for "generated regressors bias" (see
Hoffman, 1987). Moreover, Murphy and Topel (1985) pose that two-step procedures fail

to account for the fact that generated regressors are measured with sampling error, thus

12wo-step regression models have been widely studied in the literature for the single-equation case (e.g.
Pagan, 1984, 1986; Murphy and Topel, 1985; Hoffman, 1991; Gawande, 1997; McKenzie and McAleer, 1997)
and for systems of equations (e.g. Hoffman, 1987).
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hypothesis tests based on the estimated covariance matrix of the second-step estimator are
biased even in large samples.

The G3SPD estimator, like other multi-step estimators, suffers from this bias and
inconsistency of the standard errors as obtained by standard methods. Observe that the
variance estimators in [2.9] and [2.11] assume that the residuals of the regression only
include €. However, from [2.6] we know that 7 does not equal . To see this, define §y = P,y,
H=Y,X|=P,H+Q,H=H+H,F=[Z, Zy, Z,i], 6 =7, B, A=, ¢,¢), and

A= [y, ¢']'. Thus, the system [2.6] can be rewritten as:

y = Hé+FX+n

= HO+F\+[(Zup— Z,j10) + €]

Correspondingly, the pseudo-effects obtain as:

Wi ~xbe

p=195—H6 —F\

As explained in Avanzini (2010), even when the regressors in H are singly-exogenous, the
Wi ~ %b
within-groups estimator 5" is consistent and unbiased. But this is not the case for A :

its general form is given by:

- M M-
Aoy ElLy g 0
MHE My,

where the last two terms account for the bias generated by the correlation between F' and

. Map and My are given by M¥, = A’QpB and M¥ = A’QpA, respectively. Note that

e : ME “
if F' is uncorrelated with p, both terms - and i converge to zero. On the other hand,
F F

. . = . MH_ . .
when F' is correlated with the effects and H is not, ]\flf vanishes and the bias is represented
F
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i
MFM

by —q#. Finally, when both F" and H are correlated with the effects, the total bias is given
F

" iz
MF_H(S n MP:#‘
H MF.

by M

Using [2.8] or [2.10] we can recover the estimators of the parameters in [2.6] corre-
sponding to the 37¢ Step of the G3SPD estimator. Applying the Generalized Frisch-Waugh

Theorem (Krishnakumar, 2006, Theorem 5.1), and after some calculations, we have:

~GMM

plim § = plim 5wi:5
H H
_oxGMM o awbe . My o Mgy,
plim A = plim \ —)x—i-Mgé—i- M
G
plim ¢ MM 1
awi cxbe ~GMM
Replacing ﬂ,éwz,)\ e,d) in 7 we have:

n = |[Zup— Z ) +¢

_ N I _
= Zuyu— 7, [y ~fo- [ (A'H)  Hz-F(FQgF) ™ FQuFA
—F(F'QgF) ' FQuHS — F (F'QuF) " F'QgZup —
_F(F'QuF) ' FQ Hé} te
By assumption, p is uncorrelated with €. Moreover, € = 0 by construction because we have

included a constant term in each equation (Z,¢) that eventually captures € # 0. Grouping

terms we can obtain the "true" n for the system:
_ /~, ~\N—1 . _ _
nOMM _ o | F (H’H) Hz+F (FQzF) " F'Qg [HS + Zuu]

Notice that the second and third term of nMM correspond to the bias generated by the

use of i instead of the true pu.
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Assuming homoskedasticity, for a single-equation, the NT x NT variance-covariance

GMM

g is given by:

matrix of n

VGT(UEMM) =F (779”/9) = nggS;

where Sy is a NT' x 3NT matrix,

T

_ Lo~ \—1 .
Sy = [INT ‘ a, (Hyi,) o,

Y4 is a 3INT x 3NT matrix,

Sg=FE|gs Fz Fop | @INT

—/ / /
Ugg 9-g g-g

and v, = Hy0, + Zy, 1y It is apparent that Var(ngMM) > Var(eg), which implies that the
standard errors obtained from [2.9] understate the "true" standard errors of the estimated
coefficients. The corresponding estimator of the variance-covariance matrix, based on the

"sandwich" estimator, is given by:

G —Adj -1
QGNMA — [RWLP, 5 W, R, x 212)

x (R;W;P[AmBg]Wg [nggss,)] W;P[Angg]WgRg) X

—1
x [R;J ng P[Ag ng] Wg RQ]

Observe that when [SgEgS;] =3, = U?INT, QgMM_Adj becomes QEMM as defined in

[2.9].

GMM—Adj
Qg

A feasible estimator of can be obtained by replacing ¢, with the resid-

uals from the 3"¢ Step estimation, g, with the residuals from the 1% Step estimation, and

_ D = W N ~ _ Lbe
vg with vy = Hgo, + Zyg g Or Vg = gg — FgA .
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The preceding variance-covariance estimator can be extended to the system of

equations. Define the GNT x 3GNT matrix S as

S = [IGNT ‘ H(H’H) L ‘ F(F'QuF) " F'Qg| .

Y as a 3GNT x 3GNT matrix,

ele €g v

L=FE|g: gz go|®InT

v'e V'E v

and 0 = HS + Z,p. The variance-covariance matrix of the residual part of the system of

equations is given by:
Var(nGMM) =F (7]7]’) = Sns

and the corresponding variance-covariance matrix is:

QEMMAd [R’W/’Pf;;ﬁmWR]_1 X (2.13)
X (R’W’P[j;j 5 W [SSS'| W B g, WR) X

x |[RW'P WRT1

Again, the unknown components of 3 can be obtained from the three steps of the G3SPD
estimator.

Finally, notice that the empirical counterparts used to obtain the feasible estima-
tors Q?MM_Adj and QCMM-Adj yay be biased: as discussed in Avanzini (2010) and the
previous chapter, identification problems prevent us to control that bias. However, we study

the extent of the bias in small samples using Monte Carlo simulations, as shown below.
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2.4 Evaluating the estimated standard errors

In this section, we analyze the behavior of the estimated standard errors. Particu-
larly, we are interested in the accuracy of the standard errors and the size of the confidence
intervals built on these estimates.

In general, the unbiased model with the smallest (root) mean square error (RMSE)
is interpreted as best explaining the variability of the observations. However, when the bias
is important, the RMSE is not a complete indicator of the variability of the estimated
coefficients. As shown in Avanzini (2010) and chapter 1 above, the G3SPD estimator is
less biased than several panel data estimators including Hausman-Taylor-type procedures
(e.g. see Hausman and Taylor, 1981; Amemiya and McCurdy, 1986; Breusch et al., 1989;
Wyhowski, 1994), though the RMSE is not necessarily smaller. In fact, using the RMSE
criterion may lead to choose, for example, OLS or EC estimators that may be highly biased
when regressors are correlated with the unobservable effects.

To gain insight, we complement the RMSE with two additional measures, namely
"overconfidence" and the "true 95% size". Both are based on Beck and Katz (1995) and
are explained in Appendix 2.A. Overconfidence measures the extent by which an estimator
of the standard errors understates variability, comparing the true sampling variability (rep-
resented by the RMSE) with the reported standard errors. Values over 100% indicates that
the reported variability understates the true variability. Accurate standard errors should
yield overconfidence values below 100%; nevertheless, very low values call for efficiency im-
provements. On the other hand, the "true 95% size" measures the accuracy of the standard

errors through its "true level" of reported 95% confidence intervals. Values beyond 95%
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indicate that the standard errors are upward biased, while values below 95% indicate that
the standard errors are downward biased. Any deviation from the 95% implies that the in-
dividual coefficients hypothesis tests may be biased and inference on these outcomes may be
misleading. Note that these two measures evaluate the behavior of the estimated standard
errors using first- and second-moment estimations, while the RMSE only uses first-moment
estimations.

We compare the performance of the standard errors obtained by the G3SPD es-
timator against other available panel data estimators such as HT-type estimators, pooled
OLS, FE and BE, and EC with different variance estimators. Recall that, in this context,
OLS, EC, and BE methods may yield biased estimates of the coefficients when the true
model contains fixed effects or the regressors are correlated with the unobservable effects.
On the other hand, the FE estimator obtains consistent and unbiased estimates only for the
dimension-varying regressors. Apparently, only the HT-type estimators are adequate to deal
with the inclusion of endogenous dimension-varying and dimension-invariant regressors's.
However, Avanzini (2010) shows that the G3SPD estimator outperforms these estimators
in terms of bias (including the HT-type estimators). See also chapter 1, above.

We use Monte Carlo simulations to evaluate the behavior of the standard errors
obtained by the G3SPD estimator and other usual panel data estimators. Monte Carlo
simulations are a useful tool in this context because they allow us to focus on specific

problems controlling the cases. Moreover, we can check the behavior of different estimators

under the same dataset. Finally, and more importantly, we can study the performance of

3Recall that HT procedures undertake two-stage least squares error-components models with a set of
instruments taken from the same panel data accounting for potential endogeneity of regressors due to their
correlation with the unobservable effects.
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the G3SPD and other estimators in small samples.

2.4.1 Simulations setup

We run experiments for a system of two equations, i.e. G = 2, which is sufficient

for evaluating the performance of the standard errors. The i** individual during the ¢
period obeys the following system of simultaneous equations:
vt = Youmi + XviB11 + XoiBio + XziBi3 + (2.14a)
+Z1iv11 + Z2iv12 T 1+ My T i
yoit = Yiume + XviBor + XaitBos + XsitBos + (2.14b)

+21iv21 + Z3iv23 + P2 + 1o + E2it

Note that X7 and Z; are doubly exogenous variables common to both equations, while X5,
X3 and Z3 only appear in equation [2.14a]. X3 is a doubly exogenous variable and X3 and
Zy are singly exogenous variables. Likewise for Xy, X5, and Z3 in equation [2.14b].

The 7 coefficients were obtained from a U[—1, 1], while the remaining ones came

from UJ0, 1] * 15. The selected coefficients are:

7 = .055 fru=8 B2=2 Pz=5 =7 712=5 ¢ =38
mp=-02 By =12 [y =7 Bys=3 =6 y33=5 =4
We vary sample sizes over N (20,60) and 7' (15,30,50). This yields six cases;
however, due to computing limitations, for the equation-by-equation estimation, we do not
run experiments for NV = 60, T" = 50, while for the system estimation, we also excluded the

experiments for N = 60, T = 30. Each experiment was replicated 1000 times'*.

MNotice that for N = 60 and T = 15, estimating an experiment (1000 replications) takes more than 40
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The regressors were generated following Nerlove (1971), Im et al. (1999) and

Baltagi et al. (2003) as:

Starting Values Data Generating Process
X1 = (1_%1."512)% + (lfloi.g)) Xiit = 0.5X156—1 + @15 + Nuie
Xoi1 = (1_722;12)% + (1%1.2) Xoit = 0.2X9i4 1 + Pg; + N2t
Xsi1 = (1:?1'712)% + (15}{7) Xzit = 0.7X3i0—1 + py; + N34
Xain = (1_%4;12)% + (1%52) Xait = 0.2X 4311 + Pu; + Nt
Xs5i1 = (1_725.2'712)% + (15%{7) Xsit = 0.7 X551 + po; + M54t

Z1i = &y

Zai = i + o

Z3i = g; + &3

where ¢jiﬂ7jz‘tasz‘ ~ U[_27 2] vj.

Regarding the individual effects, we focus on two designs:

1. Fized-effects case, where p follows g ~ N (0,0'Z) Yg = 1,2, which implies that for

the whole set of 1000 replications the set of p is kept fixed.

2. Random-effects case, where p follows pgp; ~ N (O, ai) Yg=1,2;k=1,...,1000. This

means that we have a set of u for each replication.

In both cases, the stochastic error terms follow g4y ~ N (0, ag) Vg=1,2.
Following previous literature, total variance for each equation is fixed at 02 =

2
O'Z +02 = 3. The degree of heterogeneity of the effects as measured by p = Z—g varies over the

hours using MATLAB R2008b’s optimized set of commands to handle matrixes, running on an Intel Core
2 Duo CPU at 2.00 GHz with 3 Gb of physical memory. We run 55 of such experiments. Bigger panel
datasets should be estimated using loops and partioned matrixes, a very slow processing strategy. Most of
the experiments were conducted using MATLAB R2007b running on the following machines: an Intel Core
2 Duo CPU at 3.00 GHz with 3.25 Gb of physical memory; an Intel Core 2 CPU at 1.86 GHz with 1.00 Gb
of physical memory; and an Intel Pentium IV CPU at 3.00 GHz with 2.00 Gb of physical memory.
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following eleven values: 0, &, 1,1 1 123 5 "1l 4 ‘Thig allows to study how the correlation

between the unobservable effects and the regressors affects the bias of the estimators. It is
apparent that X3, Zs, and u, are correlated, likewise X5, Z3, and p5. However, when p = 0,
individual effects are absent from the model, and we only have Y; and Ys as endogenous
regressors due to their correlation with . Accordingly, variables for equation [2.14a] are
classified as X%l) = [X1, X2], X1(2) = X3, Z§l) = 71, Z£2) = Zs, and for equation [2.14b],
as Xél) = [X1, X4, X2(2) = X5, Zél) = 7, ZSQ) = Z3, where the superscripts (1) and (2)
indicate doubly- and singly-exogeneity, respectively. We also identify two additional sets of
variables for each equation, namely X, 53) and Z;S), which contain the variables excluded from
equation g that can be used as instruments. Hence, we have X{?’) = [X4, X5), Z§3) = Zjs,

X =[xy, X3), 28 = 2,.

2.4.2 Results

The first observation regards the information the RMSE may contribute: when
the researcher needs to choose a methodology, in the present context, the RMSE appears
not to be very informative; moreover, it could lead the practioner to choose, for example,
the OLS estimator based on the results for the endogenous set of variables at the cost of
highly biased estimates of the parameters (that in our simulated example can be as high as
20%, see Avanzini, 2010). The RMSE appears to be closely representing the variability of
the estimates of the coefficients which we consider is not very relevant when they are highly
biased. For this reason we use analyze the behavior of the G3SPD and other estimators
using an overconfidence indicator and the "true " size of the 95% confidence interval. These

measures are described in Appendix 2.A.
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When looking at the overconfidence indicator and the "true 95% size", we observe
that the accuracy gains of the estimated standard errors of the G3SPD estimator are ap-
parent for the adjusted-GMM covariance matrix, as was expected based on the previous
discussion. When these outcomes are compared with those from the FE estimators for the
dimension-varying regressors, and with those from the BE estimators for the dimension-
invariant regressors, the results are close with the largest differences coming from the stan-
dard errors of the estimated coefficients accompanying the dimension-invariant regressors.
Two effects are undermining the accuracy of these standard errors: first, the remaining bias
due to the correlation of the dimension-invariant regressors and the unobservable effects, and
second, the practical impossibility of separating the dimension-invariant regressors and the
unobservable effects given both are representing sets of information with similar dynamics.

To gain insight, we plot the overconfidence indicator and the "true 95% size" of
the confidence intervals in Figures 1 to 12. We show the behavior of the estimated standard
errors corresponding to the coefficients of an endogenous variable, Y3, a singly-exogenous
dimension-invariant variable, Z», and singly-exogenous dimension-varying variable, X3, en-
tering equation [2.14a] when their coefficients are estimated equation-by-equation (Figures
1 to 6) and by system estimation (Figures 7 to 12). Each three-dimensional chart in each
Figure shows: the overconfidence or the "true 95% size" in the vertical axis, depending on
the Figure; the heterogeneity of the unobservable effects (i.e. Rho, that represents different
levels of p = 03 /o%, where higher values imply higher heterogeneity of the effects, while
p = 0 implies no effects at all); and sample sizes (refered to as (N, T)). Notice that discrete

changes in (N, T') favors non-smooth changes in the surface (i.e. tha "peaks" and "valleys"
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that can be observed in the charts). To facilitate comparisons, the vertical axis scale of
all charts displaying the overconfidence measure has been fixed to 70%-130%, while for the
"true 95% size", it has been fixed to 40%-100%. Color scales have been adjusted accordingly.
The reported methods are G3SPD with the adjusted-GMM covariance matrix to account for
the inclusion of generated regressors, OLS, HTM, and either FE for time-varying variables
or BE for time-invariant ones.

[Insert Figure 1 about here]

In Figure 1, we can see that the behavior of the G3SPD and FE estimators are
quite similar, presenting no special pattern of behavior across sample sizes or heterogeneity
of the unobservable effects, for both fixed- and random-effects designs. Both sets of surfaces
lie around the 100% level, as expected. On the other hand, the standard errors obtained
by the OLS estimator tend to understate the true variability of the estimated coefficients:
under the fixed-effects design, overconfidence diminishes with increasing heterogeneity of
the unobservable effects, while declining very slow with increasing sample sizes; under the
random-effects design, overconfidence increases with heterogeneity and with 7', ranging from
around 100% to near 150%, i.e. standard errors may understate true parameter variability
by about 50%. The HTM estimator behaves similar to OLS but with a narrower range of
variation.

Coincidental with the conclusions of Hoffman et al. (1984) and Murphy and Topel
(1985), changes in sample size appear to have almost no effect in the improvement of the
accuracy of the standard errors. Moreover, the (generally) tempting adoption of estimators

with smaller standard errors may lead to incorrect inference when they are understating



144

the true variability of the estimated coefficients.

Now we turn to Figure 2. Observe that again the true size of the confidence
intervals at the 95% of significance obtained from the G3SPD and the FE estimators behave
very closely, irrespective of the design of the effects, changes in sample size, and degrees
of heterogeneity of the individual effects. Standard errors obtained by OLS give rise to
estimated confidence intervals that are far beyond the theoretical 95%, being even lower
than 50%. The HTM standard errors behave more uniformly, showing a deterioration with
the increasing degrees of heterogeneity of the unobservable effects. Confidence intervals
constructed with the standard errors obtained by OLS or HTM will tend to increase the
number of spurious rejections of the hypothesis.

[Insert Figure 2 about here]

The behavior of the estimators of the coefficients accompanying the time-invariant
variable Z are more erratic. Notice that the G3SPD overconfidence change with sample
size and correlation (see Figure 3). However, it behaves better than the HTM estimator
under both assumptions about the effects. Also the 95% confidence interval appears to be
more imprecise undermined by the reasons stated for Y5. However, it is more reliable than
the confidence interval obtained from the HTM estimator, as can be inferred from Figure
4. The HTM systematically worsens with increasing correlation of the regressor and the
unobservable effects, despite the changes in sample size.

[Insert Figures 3 and 4 about here/

The behavior of the estimators relating to the singly-exogenous time-varying vari-

able are similar to those of the endogenous variable. In Figure 5, the overconfidence of the
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G3SPD stabilizes around 100% while the HTM estimator tends to deteriorate for increasing
levels of correlation. On the other hand, the confidence intervals shrinks with higher levels
of correlation of the covariate with the unobservable effects (see Figure 6). However, while
the G3SPD estimator reach 80% on average for p = 1, the HTM estimator can be as low
as 20%. The important downward bias of the standard errors of the HTM estimator may
highly distort inference even if the coefficients are not biased (something we know is not
true according to the results in Avanzini, 2010).

[Insert Figures 5 and 6 about here]

Regarding the differences between the equation-by-equation and system estima-
tion, reported results favor the latter due to the fact that the system estimation takes into
account the cross-equation information. In fact, system estimation appears to be at least as
good as equation-by-equation estimation, as expected. Compare the outcomes in Figures 1
to 6 for the equation-by-equation estimation with their corresponding system estimations
displayed in Figures 7 to 12.

[Insert Figures 7 to 12 about here]

On the overall, the standard errors obtained with the adjusted-GMM variance-
covariance matrix for the 3¢ Step of the G3SPD estimator substantially outperform the
ones obtained with other methods, across designs, sample sizes, and degrees of heterogeneity
of the unobservable effects. This result contributes to conclude on the suitability of the
G3SPD estimator we have posed in Avanzini (2010) for the cases when the model includes
dimension-varying and dimension-invariant endogenous variables, irrespective of assuming

fixed- of random-effects. The latter helps to avoid the choice of the design that is a critical
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issue in panel data estimation.

The HT-type procedures have been widely accepted and used as the suitable so-
lution when we have dimension-varying and dimension-invariant endogenous regressors, as
in our case. However, observe that the reported variability as measured by the estimated
standard errors understate the true variability of the estimated coefficients. Moreover, the
95% confidence intervals built with those standard errors tend to not include the true value
of the parameters most of the times. Notice also that, as pointed out in Avanzini (2010)
and chapter 1 above, regarding the bias, the system estimation tends to exacerbate the poor
performance of the HTM estimator possibly due to the problem of weak instruments (see
Stock and Yogo, 2004) and the across-equations contamination.

Finally, though not reported here!®, the outcomes for the remaining coefficients
(namely, those corresponding to Xo and Xy, Z1, ¢; and ¢,, ¢; and ¢5) follow the same

patterns.

2.5 Further comments

Some additional issues are worth mentioning though related discussion is beyond

the scope of this chapter.

Heteroskedastic disturbances. Even when we disregarded this problem, an extensive
literature on efficiency issues regarding heteroskedastic residuals, including White (1980),
MacKinnon and White (1985), Wooldridge (1996), Cribari-Neto et al. (2000), Long and

Ervin (2000), to name just a few, proposes improved variance-covariance estimators that

5Reports for the remaining coefficients, as well as the outcomes for other panel data estimators, are
available upon request from the author.
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can be extended to account for the particular characteristics of the G3SPD estimator.
Moreover, even when the disturbances are in fact homoskedastic, provided the third step
of the G3SPD estimator is a pooled regression, the residuals may contain some remaining
heteroskedasticity due to the panel structure or other sources of heterogeneity we have not
consider yet (see Parks, 1967; Beck and Katz, 1995; Im et al., 1999). In fact, Hoffman (1987)
suggests that the inclusion of generated regressors may precipitate a nonscalar disturbance
matrix.

Notice that when estimating the system of simultaneous equations, we have as-

sumed that the disturbances are homoskedastic as well as the residuals. This implies that

g2 0 heq 0
0 1 0 €heg
s
Ehomo _ |:§O(j¢-:| Q InT =
€leq 0 eZ 0
0 eleg 0 €2,

which in turn implies that we are estimating a three-stage least squares regression (See

Greene, 2002, pp. 410). Alternatively, a fully heteroskedastic covariance matrix, as sug-
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gested by Greene, should have the following structure:

2 '
€111 0 111011 0
2 '
€112 €112€G12
2 !
0 EINT 0 EINTEGNT
ihetero _
! 2
€111éa11 0 €a11 0
/ 2
€112€G12 €G12
0 AN 0 g2
INTEGNT GNT

This estimator gives rise to the system-GMM efficient estimator. As explained
by Greene, this estimator is at least as efficient as the three-stage leasts squares. Using
this configuration for the covariance matrix can obtain additional efficiency gains, specially
when the unobservable effects are present in the structural system of equations. In this case,
they may be spread away in the reduced-form system of equations that we are estimating

and some heteroskedasticity of unknown form may remain.

Alternative variance-covariance estimators. Our treatment of the variance-covariance
matrices in [2.12] and [2.13] follows Hoffman (1987), in an attempt to obtain closed forms
for €2, that may help to understand the sources of bias. However, other approaches can
be used, such the one by Adrian Pagan (Pagan, 1984, 1986), or the exact covariance ma-
trix based on Murphy and Topel (1985). Those approaches may be difficult to implement

specially when estimators are (potentially) biased, as in our case. Alternatively, bootstrap
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methods can also be applied to obtain more accurate standard errors. Viable bootstrap
methods in this context range from traditional ones (e.g. Efron, 1979; Efron and Tibshi-
rani, 1993; Cribari-Neto and Zarkos, 1999; MacKinnon, 2002; Davidson and MacKinnon,
2004; Flachaire, 2005; Davidson and Flachaire, 2008) to some specific methods that exploit

panel data structure (e.g. Rilstone and Veall, 1996; Kapetanios, 2008).

Iterated G3SPD 3"¢ Step Estimator. Note that efficiency improvements can be ob-
tained by iterating the estimators [2.8] and [2.10]. However, given that we are using GMM-
based estimators, we know that the two-step GMM (Hansen, 1982) and iterated-GMM
estimators (continuos updating estimators or CUE, see Hansen et al., 1996) obtain down-
ward biased estimates of the standard errors in small samples (see Windmeijer, 2000, 2005;
Ramalho, 2005; Windmeijer suggests analytical corrections of the biases). The bias is a
consequence of the use of estimated weighting matrices built on the basis of estimated pa-
rameters from previous iterations of the estimator. Thus, iterating the G3SPD 3" Step
estimator would require an additional correction of the covariance matrix. This is the rea-
son for choosing the single-step GMM for the current study. Various alternative methods
are available in the literature to overcome the bias and efficiency problems such as (gen-
eralized) empirical likelihood (Owen, 1988; Qin and Lawless, 1994; Imbens, 1997; Smith,
1997; Newey and Smith, 2004), exponential tilting (Kitamura and Stutzer, 1997; Imbens
et al., 1998), efficient method of moments (Gallant and Tauchen, 1996; Chumacero, 1997),

bootstrap methods (Hall and Horowitz, 1996; Brown and Newey, 2002; Ramalho, 2006).
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2.6 Concluding Remarks

In a companion paper (see Avanzini, 2010, and chapter 1, above), we have consid-
ered the estimation of single-equation and system of simultaneous equations models with
panel data, when the "true model" contains unobservable effects. We studied the problem
of obtaining consistent estimates when (i) the set of regressors includes dimension-invariant
variables, and (ii) some (or all) of the regressors are correlated with the unobservable effects.
To account for these issues we developed a three-step estimation procedure, the Generalized
Three-Step Panel Data estimator (G3SPD).

In this chapter we study the behavior of the standard errors obtained by the
G3SPD estimator. We find that the standard errors obtained in the 3" Step of the procedure
are downward biased due to the inclusion of generated regressors, the pseudo-effects. To
obtain the adequate standard errors, we develop a variance-covariance matrix estimator
that accounts for this source of bias.

We analyze the behavior of these adjusted standard errors both from the perspec-
tive of its validity to adequately state the variability of the estimated coefficients, as well as
the size of the confidence intervals of the individual coefficients. We use the overconfidence
indicator and the "true 95% size" of the confidence intervals to measure the two aspects of
the accuracy of the standard errors.

The evidence from Monte Carlo simulations supports the validity of the adjusted
standard errors estimator, and shows that the third step standard errors of the G3SPD esti-
mator perform very good irrespective of assuming fixed- or random-effects designs, sample

sizes, and degrees of heterogeneity of the unobservable effects. On the contrary, standard
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errors obtained by widely known panel data estimators perform poorly, and the performance

does not improve significantly with bigger samples.
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2.A Performance Measures

2.A.1 Root Mean Squared Error

The (root) mean squared error (RMSE) accounts for the trade-off between bias
and variance of a estimator. When the true value of the parameter 0 is known, the RMSE

of the estimator @ can be obtained as:

1/2

S0 B — 0]

RMSE = = 1)

where M is the number of replications. The relative RMSE is given by:

ZM—l[éma}Q] 1/2
RMSE(%) = x 100

Usually, smaller values of the RMSE are interpreted as improved quality of the estimator.
However, the solely use of the RMSE as a criterion to choose a estimator may be misleading.
Complementary measures can help to make a right decision specially when the estimator

may be biased.
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2.A.2 Overconfidence

This measure is proposed by Beck and Katz (1995)'%. It is intended to measure
the performance of the estimated standard errors. According to the authors, an accurate
measure of the sampling variability of each estimator is the standard deviation of the set of
0’s. The quality of the estimates of the variability can then be assessed by comparing the root
mean square average of the M estimated standard errors with the corresponding standard
deviation of the M estimates, where M is the number of replications. The corresponding
measure is called overconfidence, and is defined as the percentage by which an estimator

understates variability, i.e.,

S (- 5)°
\/ S, (stder(dn)

For example, a reported overconfidence of 200% indicates that the true sampling variability

OC(%) = x 100

of an estimator is, on average, twice the reported estimate of that variability.

2.A.3 "True 95% size"

The accuracy of the standard errors and the corresponding hypothesis tests built
on these estimates can be evaluated through its "true level" of reported 95% confidence
intervals. This measure consists of counting the number of times the true parameter belongs
to the 95% confidence interval computed using the estimated standard errors. The problem
is that, in general, the confidence intervals are computed assuming a t— Student distribution
of the residuals (instead of a Normal distribution, honoring the small sample problem), but

when the residuals are not distributed as assumed, the tests may be biased.

6K ristensen and Wawro (2003) called this measure "optimism".
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To compute this measure, define the upper and lower bounds of the confidence

interval evaluated at 95% for the m!” replication as:
UB,, = 0+ Ut?v%ﬁfﬂ X stder(ém)]
LB, = 0, — Dt?\,‘%«YEK| X stder(@m)]
Then

#M (LB, <0 <UBy)
M

"95% Size” = [ } x 100

where # stands for "count the number of times the condition in brackets is true", and K
is the number of regressors in the regression. Whenever the measure is under 95%, the
estimated variability leads to overconfidence. Moreover, values above and beyond 95% lead

to under- and over-rejection of the null hypothesis.

2.B Figures
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Figure 1.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (Y,) in Equation 1, equation-by-equation estimation.

Fixed-Effects Case Random-Effects Case
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Figure 2.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (Y,) in Equation 1, equation-by-equation estimation.

Fixed-Effects Case Random-Effects Case
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Figure 3.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (Z,) in Equation 1, equation-by-equation estimation.
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Figure 4.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (Z,) in Equation 1, equation-by-equation estimation.
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Figure 5.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (X;) in Equation 1, equation-by-equation estimation.
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Figure 6.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (X;) in Equation 1, equation-by-equation estimation.
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Figure 7.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (Y,) in Equation 1, system estimation.

Fixed-Effects Case Random-Effects Case
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Figure 8.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (Y,) in Equation 1, system estimation.

Fixed-Effects Case Random-Effects Case
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Figure 9.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (Z,) in Equation 1, system estimation.

Fixed-Effects Case Random-Effects Case
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Figure 10.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (Z,) in Equation 1, system estimation.

Fixed-Effects Case Random-Effects Case
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Figure 11.- Overconfidence of the estimated standard errors for the coefficient
of an endogenous variable (X;) in Equation 1, system estimation.
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Figure 12.- True size of the estimated 95% confidence interval for the coefficient
of an endogenous variable (X;) in Equation 1, system estimation.

Fixed-Effects Case Random-Effects Case
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Part 11

Software
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CHAPTER 3

A Generalized Three-Step Panel Data Estimator:

Software Appendix

3.1 General Comments

The set of programs used to estimate all the methods and reported statistics in
this thesis has been compilated in this Appendix. The programs are separated according
to the design of the Monte Carlo experiment. I generated two samples, one assuming the
panel effects are fixed, and the other assuming them to be random.

The estimation of all available methods (even those not reported in the thesis
itself), has been performed estimating first the first equation of the system, then the second
equation, and finally, estimating the whole system. The reason for this is that the system
estimation uses information from equation-by-equation estimation. Additional procedures
have been used to estimate the coefficients and standard errors. They are included in a
separate set.

All the estimated coefficients and standard errors have been grouped using a set of
programs to gather that information. The reported statistics for the whole set of estimations
are obtained from the compiled information.

As can be seen, the programs were adjusted several times to fit all the theoretical

and empirical restrictions. Executing them in the correct order contributes to obtain the
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correct set of estimators. Below there is a list of the programs separated by topics (and
when convenient, with the proper number to order the execution). The actual code can be

found in the following pages in the same sequence.

3.2 Sample Generation

e generador FE.m

e generador RE.m

3.3 Estimation of Equation 1

The following programs, run in order, obtain the estimated coefficients reported

in this thesis.

1. estimaeql vl.m

2. estimaeql v2.m

3. estimaeql v3.m

4. estimaeql v4.m

5. estimaeql vH.m

6. estimaeql v6.m

7. estimaeql v7.m

8. estimaeql alter vl.m
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9. estimaeql alter v2.m

10. estimaeql alter v3.m

11. estimaeql alter v4.m

3.4 Estimation of Equation 2

The following programs, run in order, obtain the estimated coefficients reported

in this thesis.

1. estimaeq2 vl.m

2. estimaeq2 v2.m

3. estimaeq2 v3.m

4. estimaeq2 v4.m

5. estimaeq2 vH.m

6. estimaeq2 v6.m

7. estimaeq2 v7.m

8. estimaeq2 alter vl.m

9. estimaeq2 alter v2.m

10. estimaeq2 alter v3.m

11. estimaeq2 alter v4.m
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3.5 System Estimation

The following programs, run in order, obtain the estimated coefficients reported

in this thesis.

1. estimasys vl.m

2. estimasys v2.m

3. estimasys v3.m

4. estimasys v4.m

5. estimasys_vb.m

6. estimasys alter v4.m

7. estimasys hetero.m

8. estimateVARI alter.m

9. estimateVARI hetero.m

10. estimateVARI homo.m

3.6 Additional Estimation Procedures

e SAm

e G2SLS.m

e G2SLSM.m
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3.8

G3SLS2.m

G3SLSM.m

G3SLSM _hetero.m

Information Compilation

compila.m

compila_eql.m

compila eql newvar.m

compila_eq2.m

compila_eq2 newvar.m

compila_sys.m

compila_sys newvar.m

Statistics Calculation

stats _eql.m

stats _eql newvar.m

stats _eq2.m

stats _eq2 newvar.m

stats _sys.m

179
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e stats sys newvar.m



Cegb\ Pr ogr ans\ gener ador FE. m

% Functi on GENERADOR_FE

% Thi s program generates Monte Carl o sanpl es assum ng Random Ef fects

% Aut hor: Di ego Avanzi ni

functi on generador _FE
clc
cl ear

%ingl e equation
G=2; % unmber of equations

=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50];
rho=[0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12, 1];

signmae=3./ (1. +rho);
si gmamu=3. - si ghae;

%oefficients
delta=[ 1, -.200; 0. 055,1];
beta=[8, 12;2,0;5,0;0,7;0, 3];
gamme=[7, 6; 5, 0; 0, 5] ;

var phi =[ 8, 0; 0, 4] ;

for i=1:1:size(nt,1)
for k=1:1:size(rho, 2)
cl ear datos

Nent (i, 1) ;
T=nt (i, 2);
NT=N*T;

Zrmu=kron(eye(N), ones(T, 1));

%gener at e individual effects

FEl=nor nmr nd( 0, si gmanu(1, k), N, 1);
FE2=nor mr nd( 0, si gmanu(1, k), N, 1);

mul=sum( Znu* FE1, 2) ;
mu2=sumn( Znu* FE2, 2) ;

%generate X
phi 1=uni frnd( -

%/ w ratio

phi 2=uni frnd( -
phi 4=uni frnd( -

et al=unifrnd(-
et a2=uni frnd(-
et a3=uni frnd(-
et ad=uni frnd(-
et ab5=uni frnd(-
1);
1);
1);
1);
1);

Xl=zer os(NT
X2=zer os( NT,
X3=zer os( NT,
X4d=zer os( NT,
X5=zer os( NT,

for n=1:1: N

R
vav

555?5222

= =
SN N N N N -

%onbi nati ons of (N, T)
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% define initial values of series for each individua
X1((n-1)*T+1,1)=(etal((n-1)*T+1,1)/((1-0.52)"0.5)) +(phi 1(n,1)/(1-0.5));
X2((n-1)*T+1,1)=(eta2((n-1)*T+1,1)/((1-0.272)"0.5)) +(phi 2(n,1)/(1-0.2));
X3((n-1)*T+1,1)=(eta3((n-1)*T+1,1)/((1-0.7722)"0.5))+(FE1(n, 1)/ (1-0.7));
X4((n-1)*T+1,1)=(etad4((n-1)*T+1,1)/((1-0.272)"0.5)) +(phi 4(n,1)/(1-0.2));
X5((n-1)*T+1,1)=(eta5((n-1)*T+1,1)/((1-0.722)70.5))+(FE2(n, 1)/ (1-0.7));
% generate the rest of each serie
for t=2:1:T
X1((n-1)*T+t, 1)=0.5*X1((n-1)*T+t -1, 1) +phi 1(n, 1) +etal((n-1) *T+t, 1);
X2((n-1)*T+t, 1)=0. 2*X2((n-1)*T+t -1, 1) +phi 2(n, 1) +eta2((n-1) *T+t, 1);
X3((n-21)*T+t, 1)=0. 7*X3((n-1)*T+t-1, 1) +FE1(n, 1) +eta3((n-1) *T+t, 1);
X4((n-1)*T+t, 1)=0. 2*X4((n-1)*T+t -1, 1) +phi 4(n, 1) +et a4((n-1) *T+t, 1);
X5((n-1)*T+t, 1)=0. 7*X5((n-1)*T+t -1, 1) +FE2(n, 1) +eta5((n-1) *T+t, 1) ;
end
end

% generate Z

Xi 1=unifrnd(-2,2,N,1);
xi 2=uni frnd(-2,2,N,1);
xi 3=uni frnd(-2,2,N, 1)
Zl=sum(Zmu*xi 1, 2);
Z2=sum( Zmu* ( FE1+xi 2), 2);
Z3=sum( Zmu* ( FE2+xi 3), 2);

% generate dependent vari abl es
H=[ X1, X2, X3, X4, X5] *bet a;

H=H+([ Z1, 22, Z3] *ganmmm) ;
H=H+(ones(NT, 2) *var phi ) ;
H=H+[ mul, mu2] ;

%orrel ations

correl.X3nmul=corr (X3, mul);
correl.Z2mul=corr (22, mul);
correl . Xsnmu2=corr (X5, mu2);
correl . Z3mu2=corr (23, mu2);

% save base vari ables for each case

filenane=['base ' nunRstr(i,'%3.0f") " " nunmRstr(k,'%3.0f")];

save(filename, ' N ,"' T ,"FE1'","'FE2',"nul', ' nu2','phil","'phi2,"'phid4, ..
"etal','eta2','etad ,'etad' ,'etab’ ,'X1','X2',"' X3 ,"'X4'","'X5",..
"xil','xi2','xi3,"'z1',"z22","'2Z3 ,"H ,'correl");

di sp([filename ' guardado. Continuar...']);

clear('FE1',' FE2',' nmul', ' nu2','phil" ,"'phi2',"'phid4 ,6'etal ,'eta2',...
"etal3','etad','etab’,' X1','X2',"'X3" ,"X4","X5","'xil","'xi2",...
"xi3,'z1','z2","Z3" ,"correl');

% add stochastic error

for g=1:1:1000
el=norm nd(0, sigmae(1, k), NT, 1);
e2=nor mr nd(0, sigmae(1, k), NT, 1);
datos(1,9). Y=(Ht[el,e2])*delta

end
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filenane=['case ' nunRstr(i,' 93.0f") " " nun@str(k,' 93.0f")];
save(fil enanme, ' datos');
disp([filenane ' Saved. Continue...']);
end
end
end
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% Functi on GENERADOR_RE
% Thi s program generates Monte Carlo sanpl es assunm ng Random Effects
% Aut hor: Di ego Avanzi ni

functi on generador RE
% This small program generate the set of covariates for the basic set
% of experinents.

clc

cl ear

tic

G=2; % unber of equations

nt cases=si ngl e([ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]); 9%«
caabi ons of (N, T)
rhocases=single([0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]); Y%/wratio

si gnae=3./ (1. +rhocases);

si gmanmu=3. - si ghae;

%oefficients

del ta=single([1,-.200;0.055,1]);

bet a=si ngl e([8,12;2,0;5,0;0,7;0,3]); %inme-varying vars.
gamma=si ngl e([ 7, 6;5,0;0,5]); % i me-invariant vars.
var phi =singl e([8,0;0,4]); %const ant

for nt=1:1:size(ntcases,1) % oop over number of individuals
% for nt=1:1:3 9% oop over number of individuals

for rho=1:1:size(rhocases, 2) % oop over b/wratio
% for rho=1:1:3 % oop over b/wratio

clear('datos', ' H);

N=nt cases(nt, 1);

T=nt cases(nt, 2);

NT=N*T;

Zmu=kron(eye(N, 'single'),ones(T,1, single));

% Cenerate fixed variables: X1, X2, X4, Z1

phi 1=uni frnd(-2,2,N,1); % or Xl
phi 2=uni frnd(-2,2,N,1); % or X2
phi 4=uni frnd(-2,2,N,1); % or X4
etal=unifrnd(-2,2,NT,1); %nitial value for X1
eta2=unifrnd(-2,2,NT,1); %nitial value for X2
etad=unifrnd(-2,2,NT,1); %nitial value for X4

Xl=zer os(NT, 1);
X2=zer os(NT, 1) ;
X4=zer os(NT, 1) ;
%generates fixed Xs
for n=1:1:N
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% define initial values of series for each individua
X1((n-1)*T+1,1)=(etal((n-1)*T+1,1)/((1-0.5*2)"0.5))+(phi 1(n,1)/(1-0.5));
X2((n-1)*T+1,1)=(eta2((n-1)*T+1,1)/((1-0.272)"0.5)) +(phi 2(n,1)/(1-0.2));
X4((n-1)*T+1,1)=(etad4((n-1)*T+1,1)/((1-0.272)"0.5)) +(phi 4(n,1)/(1-0.2));
% generate the rest of the periods of each serie
for t=2:1:T
X1((n-1)*T+t,1)=0.5*X1((n-1)*T+t -1, 1) +phi 1(n, 1) +etal((n-1) *T+t, 1);
X2((n-1)*T+t,1)=0.2*X2((n-1)*T+t -1, 1) +phi 2(n, 1) +et a2((n-1) *T+t, 1);
X4((n-1)*T+t,1)=0.2*X4((n-1)*T+t -1, 1) +phi 4(n, 1) +eta4((n-1) *T+t, 1);
end
end
% generate fixed Z
Xi 1=unifrnd(-2,2,N,1);
Zl=sum(Zmu*xi 1, 2);

% Cenerate changing variables: X3, X5, Z2, Z3, REl, RE2

%generat e individual random effects
RE1=si ngl e(nor nr nd(0, si gnamu( 1, rho), N, 1000)); % ndividual effects for the 1st. ¥

eqoa
RE2=si ngl e(nor nr nd(0, si gnanmu( 1, rho), N, 1000)); % ndividual effects for the 2nd. ¢
egoa
%generate X
%nitial values are fixed for all observations 1..1000
et a3=uni frnd(-2, 2, NT, 1);
et ab5=uni frnd(-2, 2, NT, 1);
X3=zer os(NT, 1000);
X5=zer os( NT, 1000) ;
for obs=1:1:1000
for n=1:1: N
% define initial values of series for each individua
X3((n-1)*T+1, obs)=(eta3((n-1)*T+1,1)/((1-0.772)70.5))+(REL(n, obs)/(1l-«
D;7)
X5((n-1)*T+1, obs)=(eta5((n-1)*T+1,1)/((1-0.772)70.5))+(RE2(n, obs)/(1- ¥
D;7)
% generate the rest of each serie
for t=2:1:T
X3((n-1)*T+t, obs)=0. 7*X3((n- 1) *T+t - 1, obs) +RE1( n, obs) +teta3((n-1)*T+t, ¢
1);
X5((n-1)*T+t, obs)=0. 7*X5((n- 1) *T+t - 1, obs) +RE2( n, obs) +tetab5((n-1)*T+t, ¢
1);

end

end
end
% generate Z
% nitial values are fixed for all observations 1..1000
xi 2=unifrnd(-2,2,N,1);
xi 3=unifrnd(-2,2,N,1);
Z2=zer 0s(NT, 1000);
Z3=zer os(NT, 1000);
for obs=1:1:1000
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Z2(:,obs)=sun( Znu* (RE1(:, obs) +xi 2), 2);
Z3(:, obs)=sum( Zmu* ( RE2(:, obs) +xi 3), 2);

end

% gener at es dependent vari abl es

H=zer os(NT, 2, 1000, 'single');

for obs=1:1:1000
%gener at e individual random effect
mul=sum Znu* RE1(:, obs), 2);
mu2=sum Znu* RE2( : , obs), 2);
%gener at e esenci al part of dependent variables Y
H(:,:,obs)=[ X1, X2, X3(:, obs), X4, X5(:, obs)] *bet a;
H(:,:,obs)=H(:,:,obs)+([Z1, Z2(:, obs), Z3(:, obs)] *gamm) ;
H(:,:,obs)=H(:,:,obs)+(ones(NT, 2,"single )*varphi); %nitialization with a¥

tans per equation

H(:,:,obs)=H(:,:, obs)+[nul, nu2];

end

% Save vari ables for each case

filenane=['.\base\base ' nunstr(nt,' %3.0f") ' ' nunRstr(rho,' 93.0f")];

save(filename, ' N ,"' T ,"RE1","RE2","phil","'phi2','phid,..
"etal' ,'eta2' ,'etald' ,'etad','etab’ ,'X1',"'X2","' X3 ,"'X4","'X5,..
"xilt,'xi2','xi3,"'z1","z2",'Z3" ,'H);

di sp([filename ' guardado. Continuar...']);

clear('RE1',' RE2','phil",'phi2',' phi4' [ 'etal ,h'eta2',...
"etal3','etad','etab’ ,' X1',"'X2',"X3,"X4","X5","xil","xi2",...
"xi3','z1,'z2","'Z3");

for obs=1:1:1000 % oop over 1000 iterations
%generate error
el=normrnd(0, signae(1,rho),NT,1); %rror for the 1st. equation
e2=normrnd(0, sigmae(1,rho),NT,1); %rror for the 2nd. equation

% obtain Y
datos(1, obs).Y=single((H(:,:,obs)+el,e2])*delta); %endogenous vars.: eachy¢
ool us the dependet var. of an equation
end
filenane=['.\case\case ' nunstr(nt, ' %3.0f") ' ' nunm@str(rho,  ¥3.0f")];

save(fil enanme, ' datos');
disp([filenane ' guardado. Continuar...']);
end
end
toc
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% Function ESTI MAEQL_V1
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql vl

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

D=si ngl e(kron(eye(N),ones(1, T)*(1/T))); %Weduce matrix fromNT*1 to N1

for rho=1:1:size(rhocases, 1) %eleven rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nunRstr(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear('X1',"'X2',"'X3","'X4","X5"',"z1",'z2",'Z3" ,"mul"', ' nu2',"'datos', ' correl"');

filenane=['.\base\base ' nunstr(nt,' %3.0f") ' ' nunmstr(rho,  ¥3.0f")];
|l oad(fil enanme, ' X1',' X2',"'X3","'X4',"X5","z1',"22","Z3" ,"mul", ' nu2');
filenanme=["'.\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1l); Z2=single(Z2); Z3=single(Z3); nul=single(nmul); nu2=single(nm2);
%reate new folder for containing 1000 obs.

if exist(['.\egl\esti_eql ' nun2str(nt, %3.0f") " " numRstr(rho, ¥%3.0f")], ' dir')w

nmkdir(['.\eql\lesti_eql ' numRstr(nt, ' 9%3.0f") ' ' nunRstr(rho," %3.0f")]);
end

%or edeterm ned matri xes

D
Weeye(NFT) ;

P=eye(N*T);

Wvave=Qmru;

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

Wbar =Pnu;
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A=Qmu* ([ X1, X2, X3, X4, X5]); % thin instrunents

PA=A*i nv(A *A) *A";

B=Prmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T, 1)]); %between instrunents

PB=B*i nv(B' *B) *B'

PAB=PA+PB; %projection matrix of instruments

BHT=Pnu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1)]; %between instrunents

i f rank(BHT) <si ze( BHT, 2) ; BHT=BHT(:, 1: rank(BHT)); end

PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

PABHT=PA+PBHT; %projection matrix of instrunents

BAMEPnu* [ SA([ X1, X2], N, T), SA([ X4, X5], N, T), Z1, Z3, ones(N*T, 1) ] ; %bet weenk
rosent s

i f rank(BAM <si ze( BAM 2) ; BAMEBAM: , 1: rank( BAM ) ; end

PBAMEBAMF i nv( BAM * BAM * BAM ;

PABAM=PA+PBAM  %proj ection matrix of instrunents

BBVS=Pru* [ SA([ X1, X2] , N, T), SA([ X4, X5] , N, T), Z1, Z3, SA(Qmu* X3, N, T), ones(N*T, 1)]; %«
benwi nst rument s

i f rank(BBMS)<si ze( BBVS, 2) ; BBMS=BBMS(: , 1: rank( BBMS) ) ; end

PBBMS=BBMS* i nv( BBMS' * BBMS) * BBMS'

PABBMS=PA+PBBMS; %proj ection matrix of instrunents

for obs=1:1:1000 9000 experinments for each conbination of (nt,rho)
di sp([' Observation: ' nunRstr(obs)]);
y=si ngl e(dat os(1,0bs). Y(:,1));
Y=si ngl e(dat os(1, obs). Y(:,2));
R=[Y, X1, X2, X3, 71, 22, ones(N*T, 1)]; %q. 1, all regressors: Y, x3, z3 arev

grdous
K=si ze(R, 2);
Rwvave=[Y X1 X2 X3]; %qg. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
clear rdo
YF===========SS=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSSS===S==s=
%kt hod 1: COLS
YE===========SS=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=SsSS====S====
[rdo.coef,rdo.resi,rdo.stats] =&QSLS(R, eye(NT), eye(N*T),y,N T);
rdoeql(1l).coef=[ NaN(1, 2); %1: enpty
rdo.coef(1,:); %y 2
rdo.coef(2,:); X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2); X4, X5: enpty
rdo. coef (5, :); %1
rdo. coef (6, :); %2
NaN( 1, 2); %3: enpty
rdo.coef (7,:); %ohi 1
NaN( 3, 2)]; %ohi 2, mul, mu2: enpty
rdoegl(1). resi=rdo.resi
rdoegl(1l).stats=rdo.stats;
e e e S e

%vet hod 2: FEStd
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[rdo.coef,rdo.resi,rdo.stats] =&QSLS(Rwave, Qru, eye(NT),y, N, T);
bet aFESt d=rdo(1).coef(:,1); % o be used in ECAm

rdoeql(2).coef=[ NaN(1, 2); %1l: enpty
rdo.coef(1,:); Wy 2
rdo.coef(2,:); 91
rdo.coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 9, 2)]; 9x4, X5, Z1, 22, Z3, phi 1, phi 2, nul, nu2: ¢
gnpt
rdoeql(2).resi=rdo.resi
rdoeql(2).stats=rdo. stats;
e e S e e
%vet hod 3: FEBal
e e e e e S
[rdo. coef, rdo. resi,rdo. stats] =QSLS(Rwave, Qru, PA,y, N, T);
rdoeql(3).coef=[ NaN(1, 2); %1: enpty
rdo.coef (1,:); Wy 2
rdo.coef(2,:); o1
rdo. coef (3,:); 9X2
rdo. coef (4,:); %X3
NaN( 9, 2)1]; 9X4, X5, Z1, Z2, Z3, phi 1, phi 2, mul, nu2: ¢
gnpt
rdoeql(3).resi=rdo.resi;
rdoeql(3).stats=rdo.stats;
e S e e e e
%vet hod 4: BEStd
YF=======o==oooooooooooo oSS o oSS ooooCSoooooooooooSoooooooooooooooooosoooDoos
[rdo.coef,rdo.resi,rdo.stats] =&SLS(R, Phu, eye(N*T),y, N T);
rdoeql(4).coef=[ NaN(1, 2); %W1l: enpty
rdo. coef(1,:); %y 2
rdo.coef(2,:); X1
rdo.coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2); 9%xX4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo.coef (7,:); %ohi 1
NaN( 3, 2)]; %ohi 2, mul, mu2: enpty
rdoeql(4).resi=rdo.resi
rdoeql(4).stats=rdo. stats;
e e e S
%vet hod 5: BEBal
e e e e e e
[rdo. coef,rdo.resi,rdo.stats]=&SLS(R, Pmu, PB,y, N, T);
rdoeql(5).coef=[ NaN(1, 2); %1l: enpty
rdo.coef (1,:); Wy 2
rdo. coef (2,:); X1

rdo. coef (3,:); 9X2
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rdo. coef (4,:); 9X3

NaN( 2, 2); 9%xX4, X5: enpty

rdo. coef (5, :); %1

rdo. coef (6, :); %2

NaN( 1, 2); %3: enpty
rdo.coef (7,:); %ohi 1

NaN( 3, 2)]; %ohi 2, mul, mu2: enpty

rdoeql(5).resi=rdo.resi;
rdoeql(5). stats=rdo. stats;

e e S e
%vet hod 6: ECWH
R e e e e e
u=y-R*inv(R *R)*R *y; %0LS residuals
sigmal=((u" *Qmu*u)/ (N*(T-1)))"0.5; % w thin" conponent of variance
si gma2=((u' *Pmu*u)/N)~0.5; % between" conponent of variance
WAH=( 1/ si gmal) *Qmu+( 1/ si gma2) * Prmu; % onega(- 1/ 2)
[rdo.coef,rdo.resi,rdo.stats]=&SLS(R WMH, eye(N*T),y, N, T);
rdoeql(6).coef=[ NaN(1,2); %l: enpty
rdo. coef(1,:); %y 2
rdo. coef(2,:); X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 93
NaN( 2, 2); X4, X5: enpty
rdo. coef (5, :); w1
rdo. coef (6, :); %2
NaN(1, 2); %3: enpty
rdo.coef (7,:); %ohi 1
NaN( 3, 2)]; %ohi 2, mul, mu2: enpty
rdoeql(6).resi=rdo.resi
rdoeql(6).stats=rdo.stats
e
%vet hod 7: ECAmM
Y ==============S==oS=ooSssosooooSooosSoossoooosoooosoooososooSsooooososssoSsossos

al pha=nean(D*y) - nean( D* Rwave) *bet aFESt d; %tonstant term

u=y- al pha*ones(N*T, 1) - Rnave*bet aFESt d; % esi duals of a LSDV regression
sigmal=((u" *Qru*u)/ (N*(T-1)))"0.5; % w thin" conponent of variance
sigma2=((u' *Pmu*u)/ N)~0.5; % between" conponent of variance

WAM=( 1/ si gnmal) *Qru+( 1/ si gma2) *Pnu; %onega " (-1/2)

[rdo. coef,rdo.resi,rdo.stats] =&QSLS(R, WAm eye(N*T),y, N, T);
rdoeql(7).coef=[ NaN(1, 2); %1l: enpty

rdo. coef (1,:); %y 2

rdo. coef (2,:); X1

rdo. coef (3,:); 9X2

rdo. coef (4,:); %X3

NaN( 2, 2); 9X4, X5: enpty
rdo. coef (5,:); w1

rdo. coef (6,:); %2

NaN( 1, 2); W3: enpty
rdo. coef (7,:); %hi 1

NaN( 3, 2)]; %ohi 2, mul, mu2: enpty
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rdoeql(7).resi=rdo.resi;
rdoeql(7).stats=rdo.stats

Yf===========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSSSSsSsS=sS=====s
%vet hod 8. ECSA
Yf==============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSs==s======s
Yewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qrmu* Rwave) * Rnave' * Qru*y;
ewave=squeeze(rdoeql(2).resi);
si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;
%ebar =Pnu*y- Pmu*R*i nv(R *Pnu*R) *R *Pnu*y
ebar =squeeze(rdoeql(4).resi);
si gma2=( (ebar' *Pnu*ebar)/ (N K- 1)) 0. 5;
WBA=( 1/ si gnmal) *Qru+( 1/ si gma2) * Pnu;
[rdo. coef,rdo.resi,rdo.stats] =QSLS(R, WBA, eye(N*T) ,y, N, T);
rdoeql(8).coef=[ NaN(1, 2); %1: enpty
rdo. coef (1,:); %y 2
rdo. coef (2,:); X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); %X3
NaN( 2, 2); 9X4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %Z3: enpty
rdo. coef (7,:); %hi 1
NaN( 3, 2)]; %hi 2, mul, nu2: enpty
rdoeql(8).resi=rdo.resi;
rdoeql(8).stats=rdo.stats
Y ==========S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsS=ss====s
%vet hod 9: ECCorn
Y ===========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSsS=sS=====s

Yewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qru* PA* Qru* Rwave) * Rwave' * Qmu* PA* Qru* y;
ewave=rdoeql(3).resi; % aken from FEBa

si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;

%ebar =Pnu*y- Pmu* R*i nv( R *Pnu* PB* Pnu* R) * R * Pnu* PB* Pnu*y;

ebar =r doeql(5).resi; % aken from BEBa

si gma2=( (ebar' *Pnu*ebar)/ (N K- 1)) 0. 5;

WCor n=( 1/ si gnal) * Qmu+( 1/ si gna2) * Pnu;

[rdo. coef, rdo. resi,rdo. stats] =&SLS(R, WCor n, PAB, y, N, T) ;

rdoeql(9).coef=[ NaN(1, 2); %1l: enpty
rdo.coef(1,:); Wy 2
rdo.coef(2,:); o1
rdo. coef (3,:); 9X2
rdo. coef (4,:); %X3
NaN( 2, 2); 9X4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %Z3: enpty
rdo. coef (7,:); %hi 1
NaN( 3, 2)]; %hi 2, mul, mu2: enpty

rdoeql(9).resi=rdo.resi;
rdoeql(9).stats=rdo.stats
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ebar HT=Pnu*y- Pnu* R*i nv( R * Pnu* PBHT* Pnu* R) * R * Pnu* PBHT* Pnu* y;
si gma2HT=( (ebar HT' * Pnu*ebar HT) / (N- K- 1) ) *0. 5;

WHT=( 1/ si gnal) * Qru+( 1/ si gna2HT) * Pnu;

[rdo. coef, rdo. resi,rdo. stats] =&QSLS(R, WHT, PABHT, y, N, T) ;
rdoegl(10).coef=[ NaN(1, 2); %1l: enpty

rdo. coef (1,:); Wy 2

rdo. coef (2,:); X1

rdo. coef (3,:); 92

rdo. coef (4,:); 93

NaN( 2, 2) ; 9%X4, X5: enpty

rdo. coef (5,:); %1

rdo. coef (6,:); %2

NaN( 1, 2); %3: enpty

rdo. coef (7,:); %hi 1

NaN( 3, 2)]; %phi 2, mul, mu2: enpty

rdoeql(10).resi=rdo.resi;
rdoeql(10). stats=rdo. stats;

ebar AMEPmu*y- Pnmu* R*i nv( R * Pnmu* PBAMF Pnu* R) * R * Pnmu* PBAMF Prru* y;
si gma2AM=( (ebar AM *Pnu*ebar AM / (N- K- 1) ) 70. 5;

WAME=( 1/ si gmal) *Qmu+( 1/ si gma2AM * Pnu;

[rdo. coef, rdo. resi,rdo. stats] =&QSLS(R, WAM PABAM y, N, T) ;
rdoeql(11).coef=[ NaN(1, 2); %1l: enpty

rdo. coef (1,:); Wy 2

rdo. coef (2,:); X1

rdo. coef (3,:); 92

rdo. coef (4,:); 9X3

NaN( 2, 2) ; X4, X5: enpty

rdo. coef (5,:); %1

rdo. coef (6,:); %2

NaN( 1, 2); %3: enpty

rdo. coef (7,:); %ohi 1

NaN( 3, 2)]; %pohi 2, mul, mu2: enpty

rdoegl(11).resi=rdo.resi;
rdoegl(11).stats=rdo.stats;

ebar BMS=Pru*y- Pnu* R*i nv( R * Pnu* PBBMS* Pnu* R) * R * Pnu* PBBMS* Pnu* y ;
si gma2BMS=( ( ebar BMS' * Pnu* ebar BMS) / (N- K- 1) ) 70. 5;
VWBMS=( 1/ si gmal) * Quu+( 1/ si gna2BMS) * Pnu;
[rdo.coef,rdo.resi,rdo. stats] =&SLS( R, WBMS, PABBMS, y, N, T) ;
rdoeql(12).coef=[ NaN(1, 2); %l: enpty

rdo. coef (1,:); %y 2
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rdo. coef(2,:); 91

rdo. coef (3,:); 9X2

rdo. coef (4,:); 9X3

NaN( 2, 2) ; 9xX4, X5: enpty

rdo. coef (5,:); %1

rdo. coef (6,:); %2

NaN( 1, 2) ; %3: enpty

rdo. coef (7,:); %ohi 1

NaN( 3, 2)]; %ohi 2, mul, mu2: enpty

rdoegl(12).resi=rdo.resi;
rdoeqgl(12).stats=rdo.stats;

Y e e e e e S e e e
%vet hod 13, 14, 15: &BSPD _FEStd
YF====================== === ===SSSSSSSSSS =SS SSSSSSSSSSSSSSISSSS=I===========
% 1st stage
[rdo(1).coef,rdo(1).resi,rdo(1l).stats] =GSLS(Rwave, Qru, eye(N*T),y, N T);
rdoeql(13).coef=[ NaN(1, 2); %Wl: enpty
rdo(1).coef(1,:); Yy 2
rdo(1l).coef(2,:); X1
rdo(1).coef(3,:); 9X2
rdo(1l).coef(4,:); %X3
NaN( 9, 2)]; X4, X5, 71, 72, Z3, phi 1, phi 2, nul, ¢
magpty
rdoeql(13).resi=rdo(1l).resi;
rdoeql(13).stats=rdo(1l).stats;
% 2nd st age
uhat =Prmu*y- Pnu* Rnave*r do(1).coef (:,1); %ector of nean residuals (dependentw
aaf )
[rdo(2).coef,rdo(2).resi,rdo(2).stats] =GSLS(Rbar, Pmu, eye(N*T), uhat, N, T);
rdoeql(14).coef=[ NaN(7,2); Wi, y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); w1
rdo(2).coef(2,:); %2
NaN( 1, 2) ; %3: enpty
rdo(2).coef(3,:); %hi 1
NaN( 3, 2)]; %hi 2, mul, mu2: enpty

rdoeql(14).resi=rdo(2).resi;
rdoeql(14).stats=rdo(2).stats;

% 3rd stage

Rful I =[Y, X1, X2, X3, Z1, Z2,rdo(2).resi,ones(N*T,1)]; % ull dataset, including¥
athe original vars. plus the estimted Fixed Effects

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=QRSLSM Rful |, eye(NT),eye(NT),y,N, T, ¢

(BT
rdoeql(15).coef=[ NaN(1, 4); %1: enpty
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); 91
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); 9X3
NaN( 2, 4) ; X4, X5: enpty

rdo(3).coef(5,:); %1
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rdo(3).coef(6,:); %2

NaN( 1, 4) ; %3: enpty
rdo(3).coef(8,:); %ohi 1

NaN( 1, 4) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul

NaN( 1, 4)]; %ru2: enpty

rdoeql(15).resi=rdo(3).resi;
rdoeqgl(15).stats=rdo(3).stats;

0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 16, 17, 18: G3SPD_FECor n
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% 1st stage
[rdo(1).coef,rdo(1l).resi,rdo(1l).stats]=GSLS(Rwave, Qru, PA,y, N, T);
rdoeql(16).coef=[ NaN(1, 2); %1: enpty
rdo(1).coef(1,:); %y 2
rdo(1).coef(2,:); 9x1
rdo(1).coef(3,:); 9X2
rdo(1l).coef(4,:); %X3
NaN( 9, 2)1; 9X4, X5, Z1, 72, Z3, phi 1, phi 2, mul, ¥
mafpty
rdoeql(16).resi=rdo(1l).resi;
rdoeql(16).stats=rdo(1l).stats;
% 2nd st age
uhat =Prmu*y- Pnu* Rwave*rdo(1l).coef (:,1); %mtrix of residuals (dependentw
ahl )
[rdo(2).coef,rdo(2).resi,rdo(2).stats]=&SLS(Rbar, Pnu, PB, uhat, N, T);
rdoeql(17).coef=[ NaN(7, 2); Wi, y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); w1
rdo(2).coef(2,:); %2
NaN( 1, 2); %3: enpty
rdo(2).coef(3,:); %hi 1
NaN(3, 2)]; %hi 2, mul, mu2: enpty

rdoeql(17).resi=rdo(2).resi;
rdoeql(17).stats=rdo(2).stats;

% 3rd stage

Rful I =[Y, X1, X2, X3, Z1, Z2,rdo(2).resi,ones(N*T,1)]; % ull dataset, including¥
athe original vars. plus the estimted Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdo(2) .resi,ones(N*T, 1)]; %et of instrunents

PC=C*inv(C *C)*C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=&QRSLSM Rful |, eye(NT),PC y, N T, (N*T-¥

8));

rdoeql(18).coef=[ NaN(1, 4); %1: enpty
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); 91
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); 9X3
NaN( 2, 4) ; X4, X5: enpty
rdo(3).coef(5,:); %1

rdo(3).coef(6,:); %2
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NaN( 1, 4) ; %3: enpty
rdo(3).coef(8,:); %ohi 1

NaN( 1, 4) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul

NaN( 1, 4)]; %ru2: enpty

rdoeql(18).resi=rdo(3).resi
rdoeql(18).stats=rdo(3).stats

Y ========SSSSSSSSSSSSSS oS SSSSSS oS SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=ss
%vet hod 19, 20: G3SPD_HTHT
e e e e e e e e e e e
% 1st stage
%results are identical to Method 16
% 2nd st age
uhat =Prmu*y- Pnu* Rwave*rdo(1).coef (:,1); %mtrix of residuals (dependentw«
abt )
[rdo(2).coef,rdo(2).resi,rdo(2).stats]=GSLS(Rbar, Pmu, PBHT, uhat, N, T) ;
rdoeqgl(19).coef=[ NaN(7, 2); %l,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
rdo(2).coef(2,:); %2
NaN( 1, 2); %3: enpty
rdo(2).coef(3,:); %hi 1
NaN( 3, 2)1; %hi 2, mul, mu2: enpty

rdoeql(19).resi=rdo(2).resi;
rdoeql(19).stats=rdo(2).stats

% 3rd stage

Rful I =[Y, X1, X2, X3, Z1, Z2,rdo(2).resi,ones(NT,1)]; % ull dataset, including¥
athe original vars. plus the estimated Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdo(2).resi,ones(N*T, 1)]; %et of instrunents

PC=C*inv(C *Q) *C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats] =&SLSM Rfull,eye(NT),PC y,N T, (NT-«¢

8));
rdoeql(20).coef=[ NaN(1, 4); %l: enpty
rdo(3).coef(1,:); %y 2
rdo(3).coef(2,:); 9X1
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); 9X3
NaN( 2, 4) ; %xX4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 4) ; %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 4) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 4)]; %ru2: enpty
rdoeql(20).resi=rdo(3).resi
rdoeqgl(20).stats=rdo(3).stats;
YF==========S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=S=S========

%vet hod 21, 22: G3SPD_HTAM
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%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% 1st stage
%results are identical to Method 16
% 2nd st age
uhat =Prmu*y- Prmu* Rnwave*rdo(1).coef (:,1); %mtrix of residuals (dependent ¥
abt )
[rdo(2).coef,rdo(2).resi,rdo(2).stats]=GSLS(Rbar, Pmu, PBAM uhat, N, T);
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar)); ----> ajuste dev
aara erroneo! ' 1!
rdoeql(21).coef=[ NaN(7, 2); Wyl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
rdo(2).coef(2,:); %2
NaN( 1, 2); %3: enpty
rdo(2).coef(3,:); %ohi 1
NaN( 3, 2)]; %ohi 2, mul, mu2: enpty

rdoeql(21).resi=rdo(2).resi;
rdoegl(21).stats=rdo(2).stats;

% 3rd stage

Rful I =[Y, X1, X2, X3, Z1, Z2,rdo(2).resi,ones(NT,1)]; % ull dataset, including¥
athe original vars. plus the estimated Fixed Effects

C=[ X1, X2, X3, X4, X5, 71,72, Z3,rdo(2).resi,ones(N*T,1)]; U%et of instrunents

PC=C*inv(C *Q)*C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats] =&SLSM Rful |, eye(NT),PC y,NT);

rdoeql(22).coef=[ NaN(1, 4); %Wl: enpty
rdo(3).coef(1,:); %y 2
rdo(3).coef(2,:); X1
rdo(3).coef(3,:); 9X2
rdo(3).coef(4,:); X3
NaN( 2, 4) ; X4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 4) ; %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 4) ; %phi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 4)]; %ru2: enpty

rdoeql(22).resi=rdo(3).resi;
rdoeql(22).stats=rdo(3).stats;

0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%vet hod 23, 24: G3SPD_HTBMS
e S e S e e e

% 1lst stage

%results are identical to Method 16

% 2nd st age

uhat =Prmu*y- Prmu* Rnave*rdo(1l).coef (:,1); %mtrix of residuals (dependent¥
abt )

[rdo(2).coef,rdo(2).resi,rdo(2).stats]=GSLS(Rbar, Pmu, PBBVMS, uhat , N, T) ;
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar)); ----> ajuste dev
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Qara erroneo! 'l '
rdoeql(23).coef=[ NaN(7, 2); %Wl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
rdo(2).coef(2,:); %2
NaN( 1, 2); %3: enpty
rdo(2).coef(3,:); %ohi 1
NaN( 3, 2)1; %ohi 2, mul, mu2: enpty

rdoeql(23).resi=rdo(2).resi
rdoeql(23).stats=rdo(2).stats;

% 3rd stage

Rful I =[Y, X1, X2, X3, Z1, Z2,rdo(2).resi,ones(N*T,1)]; % ull dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,rdo(2).resi,ones(NT,1)]; %et of instrunents

PC=Ctinv(C *C)*C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=QRSLSM Rful |, eye(NT),PC y,N, T);

rdoeql(24).coef=[ NaN(1, 4); %1: enpty
rdo(3).coef(1,:); Uy 2
rdo(3).coef(2,:); 91
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); %X3
NaN( 2, 4) ; 9X4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 4); %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 4) ; %hi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 4)1; %ru2: enpty

rdoeql(24).resi=rdo(3).resi;
rdoeql(24).stats=rdo(3).stats

% Save results
filenane=['.\eqllesti_eql ' nunm@str(nt,"'9%3.0f") ' ' nunRstr(rho," %3.0f")...
‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstrg
(obs "%t.0f")];
save(fil enane, ' rdoeql');
disp([filenane ' guardado. Continuar...']);
cl ear (' rdoeql');
keyboard
end
toc
end
end
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% Functi on ESTI MAEQL_V2
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_v2

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

D=si ngl e(kron(eye(N),ones(1, T)*(1/T))); %Weduce matrix fromNT*1 to N1

for rho=1:1:size(rhocases,1) %eleven rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nunRstr(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear('X1',"'X2',"'X3","'X4","X5"',"z1",'z2",'Z3" ,"mul"', ' nu2',"'datos', ' correl"');

filenane=['.\base\base ' nunstr(nt,' %3.0f") ' ' nunmstr(rho,  ¥3.0f")];
|l oad(fil enanme, ' X1',' X2',"'X3","'X4',"X5","z1',"22","Z3" ,"mul", ' nu2');
filenanme=["'.\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1l); Z2=single(Z2); Z3=single(Z3); nul=single(nmul); nu2=single(nm2);

%redeternm ned nmatri xes
U - - mmmm e
Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);
i nvZPZ=i nv(Rbar' *Pmu*Rbar); % this matrix is the same for all 1000k
obsei ons and all nethods!!
PZ_i nvZPZ_ZP=Prnu*Rbar *i nvZPZ*Rbar"' *Pnu; % this matrix is the sane for all ¥
1006ervati ons and all nethods!!

for obs=1:1:1000 9%l000 experinents for each conbination of (nt,rho)
disp([’ oservation: ' nun2str(obs)]);
y=si ngl e(datos(1, obs). Y(:,1));
Y=si ngl e(dat os(1, obs). Y(:,2));
R=[Y, X1, X2, X3, 71, Z2,0ones(N*T, 1)]; %qg. 1, all regressors: Y, x3, z3 arev



Cegb\ Prograns\ esti maeql _v2. m 2 of 4

gedous
Rwave=[Y X1 X2 X3]; %:qg. 1, all regressors: Y, x3, z3 are endogenous
%open data for the observation

filenane=['.\eql\lesti _eql ' nunmRstr(nt,'%3.0f") ' ' nunRstr(rho,' 3. 0f")
‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstr¥
(obs "9%t.0f"')];
| oad(fil enane, ' rdoeql');
e e e e EE
%vet hod 13, 14, 15: G3SPD_FESt d
e e LS

% 2nd stage: reestinmacion varianza conmun (aj uste de dof)
resi 2=squeeze(rdoeql(14).resi); %esiduals 2nd stage
vari 2=(resi 2' *resi 2)/ (N-si ze(Rbar, 2));

st der new=di ag(vari 2*i nvZPzZ) . "0. 5;

rdoeql(14).coef(:,2)=[ NaN(7,1); %l,y2, X1, X2, X3, X4, X5: enpty
stdernew(l,:); %1
stdernew( 2, :); %2
NaN(1, 1); %3: enpty
stdernew(3,:); %hi 1
NaN(3,1)]; %hi 2, mul, mu2: enpty

% 3rd stage: varianza Mirphy & Topel (1985)

Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2, ones(N*T,1)]; % ull dataset, including all the¥
onah vars. plus the estimated Fi xed Effects

resi 3=squeeze(rdoeql(15).resi);

vari 3=(resi 3" *resi 3)/ (N*T-si ze(Rfull, 2));

i nVWNV WEI nv(Rful I *Rful I)*Rful | *;

partel=vari 3*inv(Rfull'*Rful l);

compl=(squeeze(rdoeql(15).coef(13,1))"2)*vari 2;

parte2=conmpl*i nvWWV W PZ_i nvZPZ_ZP*i nv\WN W ;

comp2=2*squeeze(rdoeql(15). coef (13,1));

conp3=resi 3*resi 2';

part e3=conmp2*i nvWWV W conp3*PZ_i nvZPZ_ZP*i nvWN W ;

st der MT=di ag(partel+parte2+parte3d)."0.5;

rdoeqgl(15).coef(:,5)=[ NaN(1,1); %1l: enpty
stderMr(1,:); %y 2
stderMr(2,:); 9X1
stderMr(3,:); 9X2
stderMr(4,:); 9X3
NaN( 2, 1) ; 9%x4, X5: enpty
stder Mr(5,:); %Wl
stder Mr(6, :); %2
NaN( 1, 1); %3: enpty
stderMr(8,:); %ohi 1
NaN( 1, 1); %ohi 2: enpty
stderMr(7,:); %rul
NaN(1, 1)]; %ru2: enpty
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onay vars.

% 2nd stage: reestimacion varianza comun (aj uste de dof)
resi 2=squeeze(rdoeql(17).resi); %esiduals 2nd stage
vari 2=(resi 2' *resi 2)/ (N si ze(Rbar, 2));

st der new=di ag(vari 2*i nvZPzZ) . "0. 5;

rdoeql(17).coef(:,2)=[ NaN(7,1); %yl,y2, X1, X2, X3, X4, X5:
stdernew(1,:); %1
stdernew( 2, :); %2
NaN( 1, 1); %3: enpty
stdernew(3,:); %ohi 1
NaN(3, 1)]; %phi 2, mul, mu2: enpty

% 3rd stage: varianza Miurphy & Topel (1985)

enpty

Rful I =[ Y, X1, X2, X3, Z1, Z2, resi 2, ones(N*T, 1)]; % ull dataset, including all

plus the estimted Fixed Effects

resi 3=squeeze(rdoeql(18).resi);

vari 3=(resi 3" *resi 3)/ (NT-si ze(Rfull, 2));

i nVWVWEnv(Rful | *Rful I)*Rful | '

partel=vari 3*inv(Rfull"'*Rfull);
compl=(squeeze(rdoeql(18).coef (13,1))"2)*vari2;
part e2=conpl*i nvWW W PZ_i nvZPZ_ZP*i nv\WN W ;
conmp2=2*squeeze(rdoeql(18). coef (13,1));
conmp3=resi 3*resi 2';

part e3=conmp2*i nvWWV W conp3*PZ_i nvZPZ_ZP*i nvWN W ;
st der MT=di ag( partel+parte2+parte3).”0.5;

rdoeql(18).coef(:,5)=[ NaN(1,1); %Wl: enpty
stderMr(1,:); %y 2
stderMr(2,:); X1
stderMr(3,:); X2
stderMr(4,:); 9X3
NaN( 2, 1) ; 9X4, X5: enpty
stder MI(5,:); %1
stder MI(6, :); w2
NaN(1, 1); %3: enpty
stder MI(8,:); %ohi 1
NaN( 1, 1); %ohi 2: enpty
stderMr(7,:); %rul
NaN(1, 1)]; %ru2: enpty

% 2nd stage: reestinmacion varianza comun (aj uste de dof)
resi 2=squeeze(rdoeql(19).resi); %esiduals 2nd stage
vari 2=(resi 2' *resi 2)/ (N-si ze(Rbar, 2));

st der new=di ag(vari 2*i nvZPzZ) . "0. 5;

rdoeql(19).coef(:,2)=[ NaN(7,1); %l,y2, X1, X2, X3, X4, X5:
stdernew( 1, :); %1
stdernew( 2, :); %2
NaN(1, 1); %3: enpty
stdernew(3,:); %hi 1

NaN(3,1)]; %phi 2, mul, mu2: enpty

enpty

t her
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% 3rd stage: varianza Miurphy & Topel (1985)

Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2, ones(N*T,1)]; % ull dataset, including all thewv
onaf vars. plus the estimted Fixed Effects

resi 3=squeeze(rdoeql(20).resi);

vari 3=(resi 3" *resi 3)/ (NT-si ze(Rfull, 2));

i nVWNVWEinv(Rful I *Rful I)*Rful | '

partel=vari 3*inv(Rfull"*Rfull);

conmpl=(squeeze(rdoeql(20).coef (13,1))"2)*vari2;

part e2=conpl*i nvWWN W PZ_i nvZPZ_ZP*i nv\WN W ;

conp2=2*squeeze(rdoeql(20).coef(13,1));

conmp3=resi 3*resi 2';

part e3=conp2*i nvWN W conp3*PZ_i nvZPZ_ZP*i nv\WN W ;

st der MT=di ag(partel+parte2+parte3d). 0. 5;

rdoeqgl(20).coef(:,5) = NaN(1,1); %1: enpty
stderMr(1,:); Wy 2
stderMr(2,:); o1
stderMr(3,:); 92
stderMr(4,:); %X3
NaN( 2, 1) ; 9X4, X5: enpty
stder MI(5,:); %1
stder MI(6, :); %2
NaN( 1, 1) ; %3: enpty
stder MI(8,:); %ohi 1
NaN( 1, 1) ; %hi 2: enpty
stderMr(7,:); %rul
NaN(1,1)7; %ru2: enpty

% Save results
filenane=[".\eql\lesti _eql ' nun@str(nt,'%3.0f") ' ' nunRstr(rho, ' %3. 0f")
‘\esti _eql ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "%.0f")];
save(fil ename, ' rdoeql');
di sp([filename ' guardado. Continuar..."]);
clear('rdoeql');
keyboar d
end
toc
end
end
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% Functi on ESTI MAEQL_V3
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_v3

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('zZMi");

for rho=1:1:size(rhocases,1) %eleven rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear (' X1',"X2',"X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[".\base\base ' nunstr(nt,' %3.0f") ' ' nunm2str(rho,  ¥3.0f")];
load(fil enanme, ' X1','X2'," X3","'X4',"'X5',"'z1',"'22","'2723");
filenane=[".\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Zl); Z2=single(Z2); Z3=single(Z3);

for obs=1:1:1000 9000 experinments for each conbination of (nt,rho)
disp([" bservation: ' nunRstr(obs)]);
y=si ngl e(datos(1, obs). Y(:,1));
Y=si ngl e(dat os(1, obs). Y(:,2));
R=[Y, X1, X2, X3, 71, Z2, ones(N*T, 1)]; %:q. 1, all regressors: Y, x3, z3 arev
gedous
Rwvave=[Y X1 X2 X3]; %:q. 1, all regressors: Y, x3, z3 are endogenous
i nvXQX=i nv( Rwave' * Qru* Rwave) ;
i nvRPR=i nv(R *Pnu*R) ;
%open data for the observation
filenane=['.\eqllesti _eql ' numRstr(nt,'%3.0f") ' ' nunRstr(rho,' 3. 0f")
‘\esti _eql ' nunRstr(nt,' ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstre
(obs "9%t. 0f')];
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| oad(fil enane, ' rdoeql');

0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 2: FEStd
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% reesti maci on varianza conun (ajuste de dof)
resi =squeeze(rdoeql(2).resi); % esiduals
vari =(resi'*resi)/ (N(T-1)-size(Rwave, 2));
st der new=di ag(vari *i nvXQX).”*0.5; %ew std. errors
rdoeql(2).coef(:,2)=[ NaN( 1, 1); %1: enpty
stdernew(1,:); Wy 2
stdernew(2,:); 91
stdernew(3,:); 9X2
stdernew( 4, :); %X3
NaN(9, 1)]; 94, X5, 71, 72, 73, phi 1, phi 2, mul, nu2: ¢
gnpt
e e e e e s
%vet hod 3: FEBal
R e e e e
% reesti maci on varianza conun (ajuste de dof)
resi =squeeze(rdoeql(3).resi); %esiduals
vari =(resi'*resi)/ (N (T-1)-size(Rwave, 2));
st der new=di ag(vari *i nvXQX)."0.5; %ew std. errors
rdoeql(3).coef(:,2)=] NaN(1, 1); %l: enpty
stdernew( 1, :); %y 2
stdernew 2, :); X1
stdernew 3, :); 9X2
stdernew( 4, :); %3
NaN(9,1)]; X4, X5, 71, 72, Z3, phi 1, phi 2, mul, nu2: ¢
gnpt
YF============S=SSS=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS============
%vet hod 4: BEStd
YF==============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS============

% reesti maci on varianza conmun (ajuste de dof)
resi =squeeze(rdoeql(4).resi); % esiduals
vari=(resi'*resi)/(N-size(R 2));

st der new=di ag(vari *i nvRPR) . *0. 5; %ew std. errors

rdoeql(4).coef(:,2)=[ NaN( 1, 1); %1l: enpty
stdernew(1,:); Wy 2
stdernew 2, :); X1
stdernew( 3, :); 9X2
stdernew( 4, :); 9X3
NaN( 2, 1) ; X4, X5: enpty
stdernew(5, :); %1
stdernew(6, :); %2
NaN(1, 1); %3: enpty
stdernewW(7,:); %ohi 1
NaN(3,1)]; %phi 2, mul, mu2: enpty
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%vet hod 5: BEBal

% reestinmaci on varianza comun (aj uste de dof)
% esi dual s

resi =squeeze(rdoeql(5).resi);
vari =(resi'*resi)/ (N-size(R 2
st der new=di ag(vari *i nvRPR) . *0
rdoeqgl(5).coef(:,2)=[ NaN( 1

stdernew( 1

stdernew 2, :

stdernew( 3

st der new( 4, :

NaN( 2, 1);
st der new( 5
st der new( 6
NaN(1,1);
stder new 7
NaN(3, 1)];

).

.5; %ew std. errors

1)
v i)

3

v i)
v i)
).

[ 3

v i)
v i)

v i)

%y 2
X1
9X2
%3
9X4
%1
%2
%3
%ph
%ph

%1l: enpty

, X5 enpty

. enpty
il

i 2, mul, nu2: enpty

% 1st stage: reestimacion varianza comun (aj uste de dof)
; % esiduals
vari =(resi'*resi)/ (N (T-1)-size(Rwave, 2));
.5, Y%ew std. errors

resi =squeeze(rdoeql(13).resi)

st der new=di ag(vari *i nvXQX) . "0
rdoeql(13).coef(:,2)=[ NaN1
stder new 1

stdernew 2, :
stdernew 3, :
stdernew( 4, :

NaN( 9, 1)];

1)
Vi)

)

[ ’

~— — —

%y 2
X1
9X2
X3

%1l:. enpty

9X4, X5, Z1, 72, Z3, phi 1, phi 2, mul, nu2: ¢

% 1st stage: reestimacion varianza comun (aj uste de dof)
; Y% esiduals
vari=(resi'*resi)/(N(T-1)-size(Rwnave, 2));
.5; Y% ew std. errors

resi =squeeze(rdoeql(16).resi)

st der new=di ag(vari *i nvXQX) . "0
rdoeql(16).coef(:,2)=[ NaN(1
stdernew( 1
st der new 2
stdernew( 3
st der new( 4
NaN( 9, 1)];

% Save results

1)
v i)

’

’

1)
v i)
D)

’ 3

%y 2
01
92
93

%1l. enpty

X4, X5, Z1, 22, Z3, phi 1, phi 2, nul, nu2: ¥

filenane=['.\eqllesti _eql ' nunmRstr(nt,’'

‘\esti _eql ' nun2str(nt,’

8. 0f ' )

%3.0f") ' ' nunRstr(rho,’
nunmgstr (rho,’

%3. 0f ')

%3. 0f ')
nunm2str ¢
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(obs "9%t.0f")];
save(fil enane,
disp([fil enane
clear('rdoeql');
end
toc

rdoeql');
' guardado. Continuar...']l);

end
end
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% Functi on ESTI MAEQL_V4
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzin

function estimeql_v4

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
clear('zZMi");

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/sigmaepsilon) coefficients

disp( " e ")
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ")
tic

% open files containing variables and convert to single
clear('X1',"X2","X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mMNewrE\ base\ base ' numRstr(nt,"%3.0f") * ' nunstr(rho," %
3.0f )1;

load(fil ename, ' X1',' X2',"' X3',"'X4","X5',"'z1","72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeterm ned matri xes
R

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

for obs=1:1:1000 %1000 experinents for each conmbinati on of (nt,rho)
disp([’ observation: ' nun2str(obs)]);
Y=si ngl e(dat os(1, obs). Y(:, 2));

%pen data for the observation
filenane=[' C.\ D ego\ S mNewrE\ eql\esti _eql ' nunRstr(nt, ' 93.0f"') ' ' numstry
(rho "98. 0f")
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‘\esti _eql ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstr¥
(obs "9%t.0f")];
| oad(fil ename,

rdoeql');

Rful I =[Y, X1, X2, X3, Z1, Z2, rdoeql(14).resi,ones(NT,1)]; % ull dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects

PR=Rful I *inv(Rful Il " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rful |, 2);

% GWM covari ance matri x
si gnma3rd=(rdoeql(15).resi' *rdoeql(15).resi)/ (NT-K);
onmegaGWEsi gma3rd*inv(Rful | ' *Rful | );

% WH- HC1: stored in colum 6

si gmaHCl=di ag((rdoeql(15).resi)."2);

omegaHCl=i nv(Rful I "*Rful I )*(Rful | ' *si gmaHC1*Rf ul I ) *i nv(Rful I ' *Rf ul | ) ;
st der HC1=di ag( onegaHC1) . ~0. 5;

clear('sigmaHCLl', "' onegaHCl');

% WH- HC2: stored in colum 7

si gmaHC2=di ag( ((rdoeqgl(15).resi).”2)./(1-diag(PR)));

omegaHC2=i nv(Rful I " *Rful I )*(Rful | ' *si gmaHC2*Rf ul | ) *i nv(Rful I ' *Rful | ) ;
st der HC2=di ag( omegaHC2) . ~0. 5;

clear('sigmHC2',' onegaHC2');

% WH LE: stored in colum 8

epsi | onast =(rdoeql1(15).resi)./(1-diag(PR)); %psilon*

si gmaLE=di ag( (epsi | onast.”"2));

onegaLE=inv(Rful I " *Rful I )*(Rful | ' *si gmaLE*Rful [ ) *i nv(Rful | ' *Rful | ) ;
st der LE=di ag(onegalLE) . *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9

si gmaHC3=si gnaLE- (epsi | onast *epsi | onast');

onegaHC3=i nv(Rful I " *Rful ) *(Rful | ' *si gmaHC3*Rf ul I ) *i nv(Rful | " *Rf ul I') ;
st der HC3=di ag( onmegaHC3) . 0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,'onegaHC3');

% BK: stored in colum 10

E=reshape(rdoeql(15).resi,T,N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matri xy¢
feach tinme period.

omegaBK=i nv(Rful I " *Rful I ) *(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful | );

st der BK=di ag( onegaBK) . 70. 5;

clear('E ,"'signmaBK' ,'onegaBK');

% MI' covariance matrix: stored in colum 11
si gma2nd=((rdoeql(14).resi' *rdoeql(14).resi))/ (N-Kbar);
Psi 1=onegaGvM
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Psi 2=(si gma2nd/ (si gma3rd”2))* Rfull'*. ..
Prmu* Rbar *i nv( Rbar ' *Pru* Rbar ) *Rbar ' *Pnu*Rf ul | ;
Psi 3=(1/ (sigma3rd”2))*(Rfull'*rdoeql(15).resi)*...
(rdoeql(14).resi' *Pru*Rbar *i nv(Rbar' *Pnu*Rbar) *Rbar' *Prru*Rf ul | ) ;
onmegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;
st der MI'=di ag( onegaMr) . ~0. 5;
clear('sigm3rd','sigma2nd',' omegaGW , ' Psil','Psi?2','Psi3" ,'onegaM);

% store standard errors
st der =[ st der HCL1, st der HC2, st der LE, st der HC3, st der BK, st der MT] ;

rdoeqgl(15).coef(:,6:11)=] NaN( 1, 6) ; %1: enpty
stder(1,:); %y 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 6) ; 9%x4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 6) ; %3: enpty
stder(8,:); %hi 1
NaN( 1, 6) ; %ohi 2: enpty
stder(7,:); %rul
NaN( 1, 6)]; %ru2: enpty
% Y ===========SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoSSSo=SsDo==ss
% %vet hod 16, 17, 18: G3SPD_Corn
% Y ============-==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSo=Sss==ss

Rful I =[Y, X1, X2, X3, Z1, Z2, rdoeql(17).resi,ones(NT,1)]; % ull dataset, ¥
udchg all the original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdoeql(17).resi,ones(N*T, 1)]; %et of instrunents
RCi nvCC=Rful | ' *C*inv(C *C);
PR=Rful | *i nv(Rful " *Rful ' )*Rfull'; %projection natrix of the regressors

% WH- HC2: stored in colum 7

si gmaHC2=C *di ag(((rdoeql(18).resi)."2)./(1-diag(PR)))*C,

omegaHC2=i nv(RG nvCC*C *Rf ul | ) *(RCi nvCC*si gmaHC2* RCi nvCC' ) *i nvk
OGRCC*C *Rful 1) ;

st der HC2=di ag( omegaHC2) . 0. 5;

clear (' sigmaHC2' , ' onegaHC2');

% WH- LE: stored in colum 8

epsi | onast =(rdoeql1(18).resi)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

onegalLE=i nv(RCi nvCC*C *Rful | ) * (RC nvCC*si gmaLE*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der LE=di ag( onegaLE). *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9
si gmaHC3=si gnaLE- (C *epsi |l onast *epsi | onast' *C) ;
onmegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
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ORCC*C *Rful 1) ;
st der HC3=di ag( omegaHC3) . 0. 5;
clear(' epsilonast','sigmlLE ,'sigmHC3' ,' onegaHC3');

% Shift BK and MI one colum to the right: stored in colums 10
% and 11
rdoeql(18).coef(:,10:11)=rdoeql(18).coef(:,9:10);

% store standard errors
st der=[ st der HC2, st der LE, st der HC3] ;

rdoeql(18).coef(:,7:9) [ NaN( 1, 3); %1: enpty
stder(1,:); Uy 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); %3
NaN( 2, 3) ; 9%X4, X5: enpty
stder(5,:); %1
stder (6, :); %2
NaN( 1, 3); %3: enpty
stder(8,:); %phi 1
NaN( 1, 3); %ohi 2: enpty
stder(7,:); %rul
NaN(1, 3)]; %ru2: enpty
% Y ============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoSSooSoooSsDoDoos
% %vet hod 19, 20: G3SPD_HTM
% Y ===============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSsSo=Ss===ss

Rful I =[Y, X1, X2, X3, Z1, Z2, rdoeql1(19).resi,ones(N*T,1)]; % ull dataset, ¢
udchg all the original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdoeql(19).resi,ones(N*T, 1)]; %et of instrunents
RCi nvCC=Rful | ' *C*inv(C *C);
PR=Rful | *i nv(Rful I "*Rful ' )*Rfull'; %projection natrix of the regressors

% WH- HC2: stored in colum 7

si gmaHC2=C *di ag(((rdoeql(20).resi)."2)./(1-diag(PR)))*C,

omegaHC2=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC2=di ag( omegaHC2) . 0. 5;

clear (' sigmaHC2' |, ' onegaHC2');

% WH LE: stored in colum 8

epsi | onast =(rdoeql1(20).resi)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

onegalLE=i nv(RCi nvCC*C *Rful | ) * (RC nvCC*si gmaLE*RCi nvCC ) *i nvi
ORCC*C *Rful 1) ;

st der LE=di ag( onegalLE). *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9

si gnmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

onmegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;
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st der HC3=di ag( omegaHC3) . 0. 5;
clear(' epsilonast','sigmlLE ,'sigmHC3' ,' onegaHC3');

% Shift BK and MI one colum to the right: stored in colums 10
% and 11
rdoeql(20).coef(:,10:11)=rdoeql(20).coef(:,9:10);

% store standard errors
st der=[ st der HC2, st der LE, st der HC3] ;

rdoeql(20).coef(:,7:9) [ NaN( 1, 3); %1: enpty
stder(1,:); Uy 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 3) ; o%X4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 3); %3: enpty
stder(8,:); %ohi 1
NaN( 1, 3); %hi 2: enpty
stder(7,:); %rul
NaN( 1, 3)1; %ru2: enpty

% Save results

filenanme=[' C:\Di ego\Si mMNewFE\ eql\esti_eql_' nun@str(nt, ' %3.0f") ' _' nun@stre
(rho "98.0f")...

‘\esti_eql ' nunPstr(nt,' 9%3.0f") ' ' nunm2str(rho," %3.0f") ' ' nunPstr¥¢

(obs "9%t.0f"')];

save(fil enane, 'rdoeql');

di sp([filename ' guardado. Continuar..."']);

clear('rdoeql');

end
toc
end
end
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% Functi on ESTI MAEQL_V5
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_v5

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

Zmu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( Zmu*i nv(Zmu' *Zmu) *Zmu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zm');

for rho=1:1:size(rhocases, 1) %eleven rho (sigmanu/sigmaepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear (' X1',"X2',"X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mNewrE\ base\ base ' numRstr(nt,"%3.0f") ' ' nunstr(rho," %«
3.0f )];

load(fil ename, ' X1',' X2'," X3',"'X4","X5',"'z1","'72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%or edeterm ned matri xes

R

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

A=si ngl e(Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv(A *A) *A";

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3,0nes(N*T, 1)])); Ybetween instrunents
PB=B*i nv(B' *B) *B';

PAB=PA+PB; %projection matrix of instrunents

BHT=si ngl e( Pmu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1)]); %between instrunents
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;
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gedous

PABHT=PA+PBHT; %projection matrix of instruments

for obs=1:1:1000 %000 experinents for each conbination of (nt,rho)

disp([’ oservation: ' nun2str(obs)]);
y=si ngl e(dat os(1, obs). Y(:,1)); %lependent var.
Y=si ngl e(dat os(1, obs).Y(:,2)); %ndogenous var

R=[Y, X1, X2, X3, 71, Z2, ones(N*T, 1)]; %eqg. 1, all regressors: Y, x3, z3 arev

K=si ze(R, 2);

Rwave=[Y, X1, X2, X3]; %q. 1, all regressors: Y, x3, z3 are endogenous

Kwave=si ze( Rwave, 2);

theta=inv(R *R)*R*y;

resi =y- R*t het a;

vari =(resi'*resi)/ (NT-K);

stder=di ag(vari*inv(R *R))."0.5; %ew std. errors
esti=[theta, stder];

rdoeql(1).coef=[ NaN(1,2); %Wl: enpty

rdo. coef (1,:); %y 2

rdo.coef(2,:); X1

rdo. coef (3,:); 9X2

rdo. coef (4,:); X3

NaN( 2, 2); %X4, X5: enpty

rdo. coef (5,:); il

rdo. coef (6,:); %2

NaN(1, 2); %3: enpty

rdo. coef (7,:); %ohi 1

NaN(3,2)]; %hi 2, mul, mu2: enpty

rdoeql(1l).resi=rdo.resi;
rdoeqgl(l).stats=rdo.stats

%vet hod 2: FEStd

[rdo. coef, rdo.resi,rdo. stats]=&SLS(Rwave, Qmu, eye(NT),y, N, T);
bet aFESt d=rdo(1).coef(:,1); % o be used in ECAm

rdoeql(2).coef=[ NaN(1, 2); %1l: enpty
rdo.coef(1,:); Wy 2
rdo.coef(2,:); o1
rdo.coef (3,:); 92
rdo. coef (4, :); 93
NaN( 9, 2)]; X4, X5, Z1, Z2, Z3, phi 1, phi 2, nul, nu2:

rdoeql(2).resi=resi;
rdoeql(2).stats=[];

Met hod 3: FEBal

resi =squeeze(rdoeql(3).resi); %esiduals

enpty
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vari =(resi ' *Qmu*resi)/ (N*(T-1) - Knave);
st der new=di ag(vari *i nv(Rwave' * Qmu* PA* Qru* Rnave) ). 0. 5; %ew std. errors

rdoeql(3).coef(:,2)=[ NaN( 1, 1); %1l: enpty
stdernew( 1, :); Wy 2
stdernew 2, :); X1
stdernew( 3, :); 9X2
stdernew( 4, :); 9X3
NaN(9, 1)]; x4, X5, Z1, Z2, Z3, phi 1, phi 2, nul, nu2: ¢
gnpt
B e e e e e
% Met hod 5: BEBal
e e S e e
resi =squeeze(rdoeql(5).resi); % esiduals
vari =(resi' *Pmu*resi)/ (N-K);
st der new=di ag(vari *i nv(R *Prmu*PB*Pnmu*R) ). 0. 5; % ew std. errors
rdoeqgl(5).coef(:,2)=[ NaN( 1, 1); %1: enpty
stdernew(1,:); Wy 2
stdernew2,:); o1
stdernew(3,:); 9X2
stdernew( 4, :); 9X3
NaN( 2, 1) ; 9X4, X5: enpty
stdernew 5, :); w1
stdernew( 6, :); %Z2
NaN( 1, 1); %Z3: enpty
stdernewm 7,:); %hi 1
NaN(3,1)]; %hi 2, mul, nu2: enpty
e e
% Met hod 6: ECWH
Y ===========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoo=sSs==sss
resi =squeeze(rdoeql(6).resi); % esiduals
sigmal=(resi ' *Qru*resi )/ (N (T-1)-K); % w thin" conmponent of variance
sigma2=(resi' *Pmu*resi )/ (N-K); % between" conponent of variance
i nvsi gma=( 1/ si gnmal) * Qru+( 1/ si gna2) *Pnu; % si gma™(-1)
st dernew=di ag(i nv(R *i nvsigma*R))."0.5; %ew std. errors
rdoeql(6).coef(:,2)=[ NaN( 1, 1); %1l: enpty
stdernew( 1, :); Wy 2
stdernew( 2, :); X1
stdernew( 3, :); 92
stdernew( 4, :); 9X3
NaN( 2, 1) ; 9%x4, X5: enpty
stdernew(5,:); %1
stdernew(6,:); %2
NaN(1, 1); %3: enpty
stdernewW(7,:); %ohi 1
NaN(3,1)]; %hi 2, mul, mu2: enpty
e S e e e e e e
% Met hod 7: ECAmM
YF==========oooooooooooo oSS ooooooooCSoooooooSoooSoooooooooooooooooosoooDoos

resi =squeeze(rdoeql(7).resi); % esiduals
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sigmal=(resi ' *Qru*resi )/ (N*(T-1)-K); % w thin" conmponent of variance
sigma2=(resi' *Pmu*resi )/ (N-K); % between" conponent of variance

i nvsi gma=( 1/ si gnmal) * Qru+( 1/ si gnma2) *Pnu; % si gma™(-1)

st dernew=di ag(i nv(R *i nvsigma*R))."0.5; %ew std. errors

rdoeql(7).coef(:,2)=] NaN( 1, 1); %1l: enpty
stdernew( 1, :); Wy 2
stdernew 2, :); 91
stdernew( 3, :); 92
stdernew( 4, :); 9X3
NaN( 2, 1) ; x4, X5: enpty
stdernew(5, :); %1
stdernew(6, :); %2
NaN(1, 1); %3: enpty
stdernewW 7, :); %ohi 1
NaN(3,1)]; %phi 2, mul, mu2: enpty
e o e e S e
% Met hod 8: ECSA
e S e S e e e eSS
resi =squeeze(rdoeql(8).resi); %esiduals
sigmal=(resi' *Qum*resi)/ (N (T-1)-K); % w thin" component of variance
si gma2=(resi' *Pnu*resi )/ (N-K); % between" conponent of variance
i nvsi gma=(1/si gmal) *Qru+(1/sigma2) *Pnu; % si gma”™(-1)
st dernew=di ag(i nv(R *invsigma*R))."0.5; %ew std. errors
rdoeql(8).coef(:,2)=] NaN(1, 1); %Wl: enpty
stdernew( 1, :); %y 2
stdernew 2, :); X1
stdernew( 3, :); X2
stdernew( 4, :); 9X3
NaN( 2, 1) ; %4, X5: enpty
stdernew(5, :); %1
stdernew(6, :); %2
NaN(1, 1); %3: enpty
stdernew(7,:); %ohi 1
NaN(3, 1)]; %ohi 2, mul, mu2: enpty
e e LS e e
% Met hod 9: ECCorn
e e e e e e e e e e

resi =squeeze(rdoeql(9).resi); % esiduals

sigmal=((resi'*Qumu*resi)/ (N (T-1)-K))"0.5; % w thin" conponent of variance
sigma2=((resi' *Pmu*resi)/(N-K))"0.5; % between" conmponent of variance

i nvsi gma=(1/si gmal) * Qru+(1/si gma2) *Pnu; % si gma”(-1/2)

st der new=di ag(i nv(R *i nvsi gma* PAB*i nvsi gna*R)) . 0. 5; %ew std. errors

rdoeql(9).coef(:,2)=] NaN(1, 1); %1l: enpty
stdernew( 1, :); %y 2
stdernew( 2, :); X1
stdernew 3, :); X2
stdernew( 4, :); 93
NaN(2, 1) ; X4, X5: enpty
stdernew( 5, :); w1

stdernew(6, :); w2
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NaN(1, 1); %3: enpty
stdernew(7,:); %ohi 1
NaN(3,1)]; %ohi 2, mul, mu2: enpty
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 10: HTM
e e e e
resi =squeeze(rdoeql(10).resi); %esiduals
sigmal=(resi' *Qru*resi )/ (N(T-1)-K); % w thin" conponent of variance
sigma2=(resi' *Pmu*resi )/ (N-K); % between" conponent of variance
i nvsi gma=( 1/ si gnmal) * Qru+( 1/ si gnma2) *Pnu; % si gma™(-1)
st der new=di ag(i nv(R *i nvsi gma* PABHT*i nvsi gma*R)) . 0. 5; %ew std. errors
rdoeql(10).coef(:,2) = NaN(1, 1); %1: enpty
stdernew(1,:); Uy 2
stdernew 2, :); o1
stdernew( 3, :); 9X2
stdernew( 4, :); %X3
NaN(2,1); 9X4, X5: enpty
stdernew 5, :); w1
stdernew( 6, :); w2
NaN( 1, 1); %Z3: enpty
stdernewm( 7, :); %hi 1
NaN(3,1)]; %hi 2, mul, nu2: enpty
YF============S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS===S========
% Met hod 16, 17, 18: G3SPD_Cor n
YF==========S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=======
%dst Step
resi =si ngl e(squeeze(rdoeql(16).resi)); % esiduals
vari =(resi ' *Qmu*resi)/ (N*(T-1) - Knave);
st der new=di ag(vari *i nv(Rwave' * Qru* PA* Qru* Rnmave) ). 0. 5; %ew std. errors
rdoeql(16).coef(:,2)=[ NaN(1,1); %1l: enpty
stdernew( 1, :); Wy 2
stdernew 2, :); X1
stdernew( 3, :); 92
stdernew( 4, :); 9X3
NaN(9, 1)]; x4, X5, Z1, Z2, Z3, phi 1, phi 2, nul, nu2: ¢
gnpt

% 2nd Step
resi 2nd=si ngl e(squeeze(rdoeql(17).resi)); % esiduals 2nd stage
si gma2nd=(resi 2nd' *Pnu*resi 2nd)/ ( N- Kbar) ;
st der new=di ag( si gma2nd*i nv( Rbar' * Pmu* PB* Pnu* Rbar)) . *0. 5;

rdoeql(17).coef(:,2)=[ NaN(7,1); Wl,y2, X1, X2, X3, X4, X5: enpty
stdernew(1,:); %1
stdernew( 2, :); %2
NaN( 1, 1); %3: enpty
stdernew(3,:); %ohi 1
NaN(3, 1)]; %ohi 2, mul, mu2: enpty

% 3rd Step
resi 3rd=si ngl e(squeeze(rdoeql(18).resi)); %esiduals 2nd stage
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Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2nd, ones(N*T, 1)]; % ull dataset, including all ¥
tbeiginal vars. plus the estimated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, resi 2nd, ones(NT, 1)]; %et of instrunents

PC=C*inv(C *C) *C ;

% GVM

sigma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OnmegaGWWEsi gma3rd*inv(Rful | *PCRful | ) ;
st der new=di ag( OregaGwW) . *0. 5;

rdoeql(18).coef(:,2)=[ NaN(1, 1); %1l: enpty
stdernew(l,:); Uy 2
stdernew( 2, :); 91
stdernew(3,:); 92
stdernew( 4, :); 93
NaN( 2, 1) ; 9%xX4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN(1, 1); %3: enpty
stdernew(8, :); %hi 1
NaN(1, 1); %phi 2: enpty
stdernew(7,:); %rul
NaN(1,1)1; %ru2: enpty

% MT

Psi 1=OmegaGvWM

Psi 2=(si gma2nd/ (si gna3rd”~2))* Rful | ' *PC* PB* Pnmu* Rbar *i nvy
¢ Rb&nu* PB* Pnmu* Rbar ) * Rbar ' * Pnu* PB* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd~2))*(Rfull ' *PC*resi 3rd)*(resi2nd' * PB* Pnu* Rbar *i nvr
¢ Rb&nu* PB* Pmu* Rbar ) * Rbar ' * Pnu* PB* PC*Rf ul | ) ;

OregaMr=Psi 1+Psi 1* ( Psi 2- 2* Psi 3) *Psi 1;

st der new=di ag( OregaMr) . 0. 5;

rdoeql(18).coef(:,11)=[ NaN(1,1); %l: enpty

stdernew(1,:); %y 2

stdernew(2,:); oX1

stdernew(3,:); 9X2

stdernew( 4, :); 9X3

NaN( 2, 1) ; X4, X5: enpty

stdernew(5, :); wil

stdernew(6,:); %2

NaN( 1, 1); %Z3: enpty

stdernew(8, :); %hi 1

NaN( 1, 1); %ohi 2: enpty

stdernew(7,:); %rul

NaN( 1, 1)]; %Mu2: enpty
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 19, 20: &BSPD_HTM
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 2nd St ep
resi 2nd=si ngl e(squeeze(rdoeql(19).resi)); %esiduals 2nd stage
si gma2nd=(resi 2nd' *Pnu*r esi 2nd) / ( N- Kbar) ;
st der new=di ag( si gma2nd*i nv( Rbar' * Pmu* PBHT* Pnu* Rbar)) . 70. 5;
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rdoeql(19).coef(:,2)=[ NaN(7,1); %Wl,y2, X1, X2, X3, X4, X5: enpty
stdernew(1l,:); wil
stdernew( 2, :); %2
NaN( 1, 1); %3: enpty
stdernew(3,:); %ohi 1
NaN(3, 1)]; %ohi 2, mul, mu2: enpty

% 3rd Step
resi 3rd=si ngl e(squeeze(rdoeql(20).resi)); %esiduals 2nd stage
Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2nd, ones(N*T, 1)]; % ul | dataset, including all ¥
tbeiginal vars. plus the estinmated Fi xed Effects
C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,resi 2nd, ones(N*T, 1)]; Y%et of instrunents
PC=Ctinv(C *C) *C ;

% GVM

sigma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OnmegaGWEsi gma3rd*inv(Rful | *PCRful | ) ;
st der new=di ag( OregaGwM . *0. 5;

rdoeql(20).coef(:,2)=[ NaN(1,1); %1: enpty
stdernew(l,:); Wy 2
stdernew( 2, :); 9X1
stdernew( 3, :); 9X2
stdernew(4,:); 93
NaN( 2, 1) ; 9X4, X5: enpty
stdernew(5, :); w1
stdernew(6, :); %2
NaN( 1, 1) ; %Z3: enpty
stdernew(8, :); %hi 1
NaN( 1, 1) ; %hi 2: enpty
stdernew(7,:); %rul
NaN( 1, 1)]; %u2: enpty
% Mr

Psi 1=OmregaGvM

Psi 2=(si gma2nd/ (si gma3rd~2))* Rful | ' *PC* PBHT* Pnu* Rbar *i nv¥
¢ Rb&®nu* PBHT* Pnu* Rbar ) * Rbar ' * Pru* PBHT* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd”2))*(Rful | ' *PC*resi 3rd)*(resi 2nd' * PBHT* Prru* Rbar *i nv ¢
¢ Rb&nmu* PBHT* Pnu* Rbar ) * Rbar ' * Pmu* PBHT* PC*Rf ul | ) ;

OregaMI=Psi 1+Psi 1* (Psi 2- 2*Psi 3) *Psi 1;

st der new=di ag( OregaMr) . 0. 5;

rdoeql(20).coef(:,11)=[ NaN(1,1); %Wl: enpty
stdernew(1l,:); %y 2
stdernew( 2, :); 91
stdernew(3,:); 92
stdernew( 4, :); 9X3
NaN( 2, 1) ; x4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 1); %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 1); %ohi 2: enpty

stdernew(7,:); %rul
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NaN( 1, 1)]; %Mu2: enpty
% Met hod 25: G3SPD_HTM new! !'!

% 3rd Step
Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2nd, ones(N*T,1)]; % ull dataset, including all ¥
tbeiginal vars. plus the estinmated Fi xed Effects
C=[ A, BHT, resi 2nd]; %et of instrunents
PC=C*inv(C *C) *C ;
PR=Rful I *inv(Rful | "*Rful I )*Rful | '; %projection matrix of the regressors
RCi nvCC=Rful | ' *C*i nv(C *C);

% coefficients: stored in colum 1
theta=i nv(RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi 3rd=y-Rful |l *theta; % esiduals

% GMW stored in colum 2

si gma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OregaGWWFsi gma3r d*i nv( RCi nvCC*C *Rful | );
st der GWWdi ag( OregaGW) . ~0. 5;

% WH- HC1: stored in colum 6

si gmaHC1=C *di ag(resi 3rd. "2)*C;

OregaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC1* RC nvCC ) *i nv¥
ORCC*C *Rful |);

st der HC1=di ag( OregaHC1) . ~0. 5;

cl ear (' OregaHCL');

% WH- HC2: stored in colum 7

si gmaHC2=C *di ag((resi 3rd.*2)./(1-diag(PR)))*C,

OregaHC2=i nv( RC nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC2* RCi nvCC ) *i nv¥
GRCC*C *Rful | );

st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmHC2'," OnegaHC2');

% WH- LE: stored in colum 8

epsi l onast=(resi 3rd)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

OnegalLE=i nv(RCi nvCC*C *Rful I ) * (RC nvCC*si gmaLE*RCi nvCC ) *i nv¥
GRCC*C *Rful 1) ;

st der LE=di ag( OnegaLE) . *0. 5;

cl ear (' OregalLE');

% WH- HC3: stored in columm 9

si gmaHC3=si gnmaLE- (C *epsil onast *epsi | onast' *C) ;

OnegaHC3=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nv¥
ORCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'sigmHC3 ,' OmregaHC3');
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% BK: stored in colum 10

E=reshape(resi 3rd, T, N; %arrange the set of OLS residuals

VBK=(kron((E *E)./(T-K),eye(T))); %eck & Katz (1995) covariance matrix fory¢
etche period.

si gmaBK=C * VBK* C;

OnegaBK=i nv(Rful | ' *PC*Rf ul | ) * ( RCi nvCC*si gnaBK* RCi nvCC' ) *i nvr
(RFGPC*Rful | );

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,"'VBK ,'sigmBK ,' OregaBK');

% MT: stored in colum 11

Psi 1=OmregaGvM

Psi 2=(si gma2nd/ (si gnma3rd~2))* Rful | ' *PC*PBHT* Pnu* Rbar *i nvy
¢ Rb&mu* PBHT* Pnmu* Rbar ) * Rbar ' * Pmu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd”2))*(Rful | ' *PCrresi 3rd)*(resi 2nd' * PBHT* Pmu* Rbar *i nv ¥
¢ Rb&nmu* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT*PC*Rf ul | ) ;

OnmegaMr=Psi 1+Psi 1* ( Psi 2- 2* Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . 70. 5;

% store standard errors and residual s
stder=[t heta, stder GW zeros(8, 3), stder HC1, st der HC2, st der LE, st der HC3, st der BK, ¢

sivig;

rdoeql(25).coef=[NaN(1, 11); %Wl: enpty
stder(1,:); %y 2
stder(2,:); X1
stder(3,:); 9X2
stder(4,:); 93
NaN( 2, 11) ; 9X4, X5: enpty
stder(5,:); w1
stder(6,:); %Z2
NaN( 1, 11); %Z3: enpty
stder(8,:); %ohi 1
NaN( 1, 11); %hi 2: enpty
stder(7,:); o%rul
NaN( 1, 11)]; %Tu2: enpty

rdoeql(25).resi=resi3rd,
rdoeql(25).stats=[];

% Save results
filenane=[' C.\ D ego\ Si mMNewrE\ eql\esti _eql ' nunRstr(nt,  9%3.0f") ' ' nunmstrv¢
(rho "93.0f")...

‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstre
(obs " 9%t.0f")];
save(fil ename, ' rdoeql');
disp([filenanme ' guardado. Continuar...']);

clear('rdoeql');

end
toc
end
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end
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% Functi on ESTI MAEQL_V6

% Thi s program perform conpl ementary estimations for EQUATION 1

% Aut hor: Di ego Avanzi ni

function estimeql_v6

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200,
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases,1l) %even conbinati ons of N and
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) '

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/
disp( ' e '
disp([’ Rho= "' nunm@str(rho)]);

disp( ' = 00 @ ceeeemeeeieeeiieeiie e
tic

30; 200, 50]; %onbi nati ons of

%/ w ratio

T

:::::::::');
="' nunm@str(T)]);

:::::::::');

si gmaepsi |l on) coefficients

)

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt,'%3.0f") ' '
| oad(filenane, ' X1',"'X2',"X3","'X4","'X5","'7z1" "' 72
filenane=["'.\case\case ' nunRstr(nt,'9%3.0f") ' '
| oad(fil enane, ' datos');

Xl=singl e( X1); X2=single(X2); X3=single(X3); X4=

Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes

R R R R

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

nunstr(rho, ' 3. 0f")];
1 Z3Y);
nunstr(rho, " ¥3.0f")];

si ngl e( X4); X5=singl e( X5);

A=si ngl e(Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv( A *A)*A';

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, 71, 72, Z3, ones( N* T,
PB=B*i nv(B' *B) *B' ;

BHT=si ngl e( Pnu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1) 1) ;
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

1)])); Ybetween instrunments

obet ween i nstrunents

(N, ¥
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for obs=1:1:1000 %000 experinents for each conbination of (nt,rho)
disp([’ oservation: ' nun2str(obs)]);
y=si ngl e(dat os(1, obs). Y(:,1)); %lependent var.
Y=si ngl e(dat os(1, obs).Y(:,2)); %ndogenous var
R=[ Y, X1, X2, X3, Z1, Z2, ones(N*T, 1)]; %q. 1, all regressors: Y, x3, z3 arev

gedous
K=si ze(R, 2);
Rwave=[Y, X1, X2, X3]; %q. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
e e e
% Met hod 1: QLS
e e e e e e e e S
thetaOLS=i nv(R *R) *R *vy;
resi OLS=y- R*t het aOLS;
si gnmaOLS=(resi OLS *resi OLS)/ (N*T-K) ;
st der OLS=di ag(si gmaOLS*i nv(R *R))."0.5; %ew std. errors
esti nadores=[thetalOLS, st der OLS]
rdoeql(1l).coef=[estimdores; NaN(1,2)]; %hil is enpty
rdoeql(1).resi=resi OLS;
clear('thetaO.S ,'resi OLS ,'sigmaCOLS ,'stderCLS ,'estinmadores');
e e e e e e e e
% Met hod 2: FEStd
YF==========SooSSSSSSSoSSSSSSoSSSoSSSSSSSoSSSSSSSoSSSoSSSooSSooSooosooosoos
t het aFESt d=i nv( Rwave' * Qrmu* Rwave) * Rnave' * Qru*y;
resi FESt d=Qnu*y- Qru* Rwave*t het aFESt d;
si gmaFESt d=(resi FESt d' *Qru*resi FEStd)/ (N*(T-1) - Knave) ;
st der FESt d=di ag( si gmaFESt d*i nv( Rwave' *Qmu* Rwave))."0.5; %lew std. errors
esti madores=[t het aFESt d, st der FESt d] ;
rdoeql(2).coef=[estimadores; NaN(4,2)]; %1, Z2, VarPhil, Phil: enpty
rdoeqgl(2).resi=resi FEStd;
clear('resi FEStd','sigmaFEStd' ,'stderFEStd' ,'estinmadores');
e e e e e e e e e e e eSS
% Met hod 3: FEBal
e e e e e e e e e e == ===
t het aFEBal =i nv( Rwave' * Qmu* PA* Qru* Rwave) * Rwave' * Qmu* PA* Qru* y;
resi FEBal =Qnu*y- Qru* Rwave*t het aFEBal ;
si gmaFEBal =(resi FEBal ' *Qru*resi FEBal )/ (N*( T- 1) - Knave) ;
st der FEBal =di ag(si gmaFEBal *i nv( Rnave' * Qmu* PA* Qru* Rwave) ). 0. 5; %ew std. ¥
€esro

esti madores=[t het aFEBal , st der FEBal | ;

rdoeql(3).coef=[estimadores; NaN(4,2)]; %1, Z2, VarPhil, Phil: enpty
rdoeql(3).resi=resi FEBal

clear('resi FEBal ', ' stderFEBal ', "' estinmadores');
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% Met hod 4: BEBal

t het aBEBal =i nv(R * Pmu* PB* Pmu* R) * R' * Pnu* PB* Pu* y;

r esi BEBal =Pnu*y- Pnu* R*t het aBEBal ;

si gnmaBEBal =(resi BEBal ' *Pnu*r esi BEBal )/ (N-K) ;

st der BEBal =di ag(si gmaBEBal *i nv(R * Pmu* PB*Prmu*R) ) . 0. 5; %ew std. errors
esti madores=[t het aBEBal , st der BEBal | ;

rdoeql(4). coef=[esti madores; NaN(1,2)]; %hil is enpty
rdoeqgl(4).resi=resi BEBal ;

clear('thetaBEBal', ' resi BEBal ', ' stderBEBal ', "' estinadores');
e e e e e e
% Met hod 5: ECCorn
e o e e e e e e e S
WCor n=( ( 1/ si gmaFEBal ) ~0. 5) *Qmu+( ( 1/ si gmaBEBal ) ~0. 5) *Pnu; %igma ~ (-1/2)
t het aECCor n=i nv( R *WCor n* ( PA+PB) * WCor n*R) * R *\WCor n* ( PA+PB) * WCor n*vy;;
resi ECCor n=WCor n*y- WCor n* R*t het aECCor n;
si gmaECCor n=(r esi ECCorn' *resi ECCorn)/ (N*T-K); % w t hin" conponent of ¥
aace
st der ECCor n=di ag(si gnaECCor n*i nv( R *WCor n* ( PA+PB) *WCor n*R) ). 0. 5; % ew std. ¥
esro
esti mador es=[t het aECCor n, st der ECCor n] ;
rdoeql(5). coef =[ esti madores; NaN(1,2)]; %hil is enpty
rdoeql(5).resi=resi ECCor n;
clear('Worn','thetaECCorn','resi ECCorn',"'sigmECCorn',...
"stder ECCorn',"'sigmaBEBal',"'estinmadores');
e e e e e
% Met hod 6: HTM
e e e e e e e e
ebar HT=Pnu*y- Pnu* R*i nv( R * Pnu* PBHT* Pnu* R) * R * Pnu* PBHT* Pnu* y;
si gma2HT=( ebar HT' * Pmu* ebar HT) / ( N- K) ;
VWHT=( ( 1/ si gmaFEBal ) *0. 5) * Qmu+( ( 1/ si gna2HT) ~0. 5) * Pnu;
t het aHT=i nv( R *WHT* ( PA+PBHT) *\WHT* R) * R * WHT* ( PA+PBHT) *WHT*y; %coefficients
resi HT=WHT*y- WHT* R*t het aHT; % esi dual s
si gmaHT=(resi HT' *resi HT) / (N*T-K); % w thin" conmponent of variance
st der HT=di ag(si gmaHT*i nv(R *WHT* ( PA+PBHT) *WHT*R) ) . *0. 5; %lew std. errors
esti madores=[t het aHT, st der HT] ;
rdoeql(6). coef =[esti madores; NaN(1,2)]; %hil is enpty
rdoeql(6). resi=resiHrT,
clear('ebarHT' ,"'sigmaFEBal ', "' si gma2HT ,' WHT' , 't hetaHT', ...
"resi HT' ,'sigmaHT' , ' sigmaFEBal ', "' stder HT' , ' estinadores');
e e e e S SSEEEEEE e EE Sa————e
% Met hod 7,8: G3SPD_Std
e o e e e e

% 1st st age:
% i dem FESt d.
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bt &)

udechg al

% 2nd St ep:

uhat St d=Pnu*y- Pnu* Rwave*t het aFESt d; %ector of nean residuals (dependent ¥

t het aSt d=i nv(Rbar' *Pru*Rbar) *Rbar ' *Pnu*uhat St d;

resi St d2nd=Pnu*uhat St d- Pnu* Rbar *t het aSt d;

si gmaSt d2nd=(r esi St d2nd' *Pnu*r esi St d2nd) / ( N- Kbar) ;

st der St d=di ag( si gmaSt d2nd*i nv( Rbar' * Pnu* Rbar)) . 0. 5;

esti madores=[t hetaStd, stder Std];

rdoeql(7).coef =[ NaN(4, 2);estimadores; NaN(1, 2)]; %, X1, X2, X3, Phi 1. empty
rdoeql(7).resi=resi Std2nd,

clear('uhatsStd','thetaFEStd' ,'stderStd','estinadores');

% 3rd Step:

Rful | =si ngle([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), resi Std2nd]); % ull dataset, ¥

the original vars. plus the estimted Fi xed Effects

PR=Rful I *inv(Rful | "*Rful I )*Rful | '; %projection matrix of the regressors
K=si ze(Rful |, 2);

%Coefficients: stored in colum 1
thetaStd=inv(Rfull"*Rful | )*Rful | ' *vy;
resi Std3rd=y-Rful | *t hetaStd;

% GW covar.: stored in colum 2

si gmaSt d3rd=(resi Std3rd' *resi Std3rd)/ (N*T-K);
OregaGWMVEsi gmaSt d3rd*inv(Rful | *Rful 1) ;

st der GWdi ag( OregaGW) . ~0. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHCl=di ag(resi Std3rd. "2);

OregaHCLl=i nv(Rful I " *Rful I )*(Rful | ' *si gmaHC1*Rf ul | ) *i nv(Rful I " *Rful | ) ;
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCL", "' OnegaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=di ag((resi Std3rd. *2)./(1-diag(PR)));

OregaHC2=i nv(Rful I " *Rful I ) *(Rful | ' *si gmaHC2*Rf ul | ) *i nv(Rful I ' *Rful | ) ;
st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmHC2',' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi l onast =resi Std3rd./(1-di ag(PR)); %epsil on*

si gnmaLE=di ag( (epsi | onast.”"2));

OregalLE=inv(Rful I " *Rful I )*(Rful I ' *si gmaLE*Rful | ) *i nv(Rfull " *Rful |);
st der LE=di ag( OnegaLE) . ~0. 5;

cl ear (' OnegalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (epsi | onast *epsi |l onast' ) ;

OregaHC3=i nv(Rful | " *Rful I )*(Rful I ' *si gmaHC3*Rf ul | ) *i nv(Rful | ' *Rf ul | ) ;
st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'sigmHC3',' OregaHC3');
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% BK covar.: stored in colum 7

E=reshape(resi Std3rd, T, N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matrixyg
feach tinme period.

OregaBK=i nv(Rful I " *Rful I ) *(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,"'sigmaBK' ,' OnegaBK');

% MI' covar.: stored in colum 8
Psi 1=OmregaGvM
Psi 2=(si gmaSt d2nd/ (si gmasSt d3rd”2))* Rfull'*. ..
Prmmu* Rbar *i nv( Rbar ' *Prmu* Rbar ) *Rbar ' *Pnu*Rf ul | ;
Psi 3=(1/ (sigmaStd3rd®2))*(Rfull' *resi Std3rd) *. ..
(resi Std2nd' *Prmu* Rbar *i nv( Rbar' * Pmu* Rbar ) *Rbar' *Pnu*Rf ul | ) ;
OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) * Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear('sigmStd3rd','sigmsStd2nd',' OregaGWM , "' Psil','Psi2',...
"Psi 3',' OregaMr', 'resi Std2nd');

% store coefficients and standard errors (8 col ums)
rdoeql(8). coef=[thetaStd, stder GW st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;
rdoeql(8).resi=resi Std3rd,
clear('resi Std3rd','thetaStd','stderGwW ,'stderHCl' ,' stder HC2', ...
"stderLE','stderHC3','stderBK' ,'stderMr','estinadores',' Rfull');

D e e e e e e e e e
% Met hod 9, 10: G3SPD _Corn
e e e e e e
% 1st Step:
% i dem FEBal .
% 2nd St ep:
uhat Cor n=Pru*y- Pmu* Rwave*t het aFEBal ; %ector of nean residuals (dependent ¥
abt )

t het aCor n=i nv( Rbar ' * Pmu* PB* Pnu* Rbar ) * Rbar ' * Pnu* PB* Pru* uhat Cor n;

resi Cor n2nd=Pnu* uhat Cor n- Pnu* Rbar *t het aCorn; % esi dual s 2nd stage

si gmaCor n2nd=(r esi Cor n2nd" *Pnu*r esi Cor n2nd) / ( N- Kbar) ;

st der Cor n=di ag(si gmaCor n2nd*i nv( Rbar' * Pmu* PB* Pnu*Rbar) ). *0. 5;

esti madores=[t het aCorn, st der Corn];

rdoeql(9). coef =[ NaN( 4, 2); estimadores; NaN(1,2)]; %, X1, X2, X3, Phi 1: enpty
rdoeql(9). resi =resi Corn2nd;
clear('uhatCorn','thetaCorn','stderCorn',"'estinmdores');

% 3rd Step:
Rful I =single([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1) ,resi Corn2nd] ); % ull dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects
C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,0ones(N*T, 1), resi Corn2nd] ; %et of instrunents
PC=C*inv(C *C) *C ;
RCi nvCC=Rful | ' *C*i nv(C *C);
PR=Rful I *inv(Rful Il "*Rful I )*Rful | '; %projection matrix of the regressors
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K=si ze(Rful I, 2);

% Coefficients: stored in colum 1
t het aCor n=i nv( RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi Corn3rd=y-Rful | *t het aCor n;

% GWM covar.: stored in colum 2

si gmaCor n3rd=(resi Corn3rd' *resi Corn3rd)/ (N*T-K);
OnegaGWWMEsi gmaCor n3r d*i nv( RCi nvCC*C *Rful | ) ;

st der GWkEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHCL1=C *di ag(resi Corn3rd. *2) *C,

OnegaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gnmaHC1*RCi nvCC' ) *i nvy
ORCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi Corn3rd. ~2)./(1-di ag(PR)))*C;

OnegaHC2=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmaHC2',"' OnegaHC2');

% VWH- LE covar.: stored in colum 5

epsi | onast =resi Corn3rd./ (1-diag(PR)); %epsilon**

si gmaLE=C *di ag( epsi | onast."2)*C;

OregalLE=i nv(RCi nvCC*C *Rful | ) *(RC nvCCrsi gnaLE*RC nvCC ) *i nvk
ORCC*C *Rful | );

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE");

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsil onast *epsi | onast' *C) ;

OregaHC3=i nv(RG nvCC*C *Rful | ) *(RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvk
ORCC*C *Rful | );

st der HC3=di ag( OregaHC3) . ~0. 5;

clear (' epsilonast','sigmlLE ,'sigmHC3 ,' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Corn3rd, T, N ; %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, “Beck & Katz (1995) covari ancev¥
mat f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gnmaBK*RCi nvCC ) *i nv¥
ORCC*C *Rful | );

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,'sigmaBK' ,' OnegaBK');

% MI' covar.: stored in colum 8
Psi 1=OmregaGvM
Psi 2=(si gmaCor n2nd/ ( si gnaCor n3rd”2))* Rful | ' * PC* PB* Pnu* Rbar *. . .
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i nv( Rbar' * Pnu* PB* Pnu* Rbar ) * Rbar' * Pnu* PB* PC* Rf ul | ;

Psi 3=(1/ (sigmaCorn3rd”"2))*(Rfull ' *PC*resi Corn3rd) *. ..
(resi Corn2nd' * PB* Pmu* Rbar *i nv( Roar ' * Pmu* PB* Pnmu* Rbar ) ¥

¥ Rb&mu* PB* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmCorn3drd','sigmCorn2nd',' OregaGwWM , "' Psi 1l ,'Psi2', ...
"Psi 3", OnegaMI" , ' resi Corn2nd');

% store coefficients and standard errors (8 col ums)
rdoegl(10). coef=[t hetaCorn, stder GW st der HCL1, st der HC2, st der LE, st der HC3, v
sBHest der MT] ;
rdoeql(10).resi=resi Corn3rd,
clear('resi Corn3rd', 'thetaCorn','stderGvwM ,'stderHCl','stderHC2',...
"stderLE',"'stderHC3','stderBK ,'stderM ,"PR ,"'PC,"'Rfull"',...
"C,"RC nvCC ,'estinmadores',' Rfull"');

e e e e e
% Met hod 11, 12: G3SPD HTM (O d version using the whole set of
% instruments in the 3rd Step estimation)
B e e e e e
% 1st St ep:
% i dem FEBal .
% 2nd St ep:
uhat HTM=Pnu* y- Pnu* Rwave*t het aFEBal ; %ector of nean residual s (dependent ¥
abt e)

t het aHTM=i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT* Pnu* uhat HTM

resi HTM2nd=Pnu* uhat HTM Pnu* Rbar *t het aHTM % esi dual s 2nd st age

si gmaHTM2nd=(r esi HTM2nd"' *Pnu*r esi HTM2nd) / ( N- Kbar ) ;

st der HTM=di ag( si gmaHTM2nd* i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar) ) . 0. 5;

esti nadores=[t het aHTM st der HTM ;

rdoeql(11).coef=[NaN(4, 2); estimadores; NaN(1,2)]; %, X1, X2, X3, Phi 1: enpty
rdoeqgl(11).resi=resi HTM2nd;

cl ear (' uhatHTM , ' thetaHTM , ' stder HTM , ' esti nadores','thetaFEBal');

% 3rd Step:

Rful Il =single([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), resi HTM2nd] ); % ul | dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3, ones(N*T, 1) ,resi HTM2nd] ; %et of instrunents

PC=C*inv(C *C) *C ;

RCi nvCC=Rful | ' *C*i nv(C *C);

PR=Rful I *inv(Rful | " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aHTM=i nv(RC nvCC*C *Rf ul | ) *RCi nvCC*C *vy;
resi HTM3r d=y- Rf ul | *t het aHTM

% GWM covar.: stored in colum 2
si gmaHTM3r d=(r esi HTM3rd' *resi HTM3rd) / (N* T- K) ;
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OregaGWEsi gmaHTMBr d*i nv(RC nvCC*C *Rf ul | ) ;
st der GWEdi ag( OregaGwW) . 70. 5;

% WH- HCL covar.: stored in colum 3

si gmaHC1=C *di ag(resi HTM3rd. ~2) *C;

OnegaHCl=i nv(RG nvCC*C *Rf ul I ) * ( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC1=di ag( OregaHC1) . 0. 5;

clear('sigmHCL'," OnegaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTM3rd. *2) ./ (1-diag(PR)))*C,

OregaHC2=i nv(RC nvCC*C *Rful | ) * (RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
ORCC*C *Rful | ) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmHC2',' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =resi HTM3rd. / (1-di ag(PR)): %epsi | on**

si gmaLE=C *di ag(epsi | onast."2)*C,

OregalLE=i nv(RCi nvCC*C *Rf ul | )* ( RCi nvCC*si gmaLE*RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der LE=di ag( OnegaLE). 70. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (C *epsi | onast *epsi |l onast' *C) ;

OregaHC3=i nv( RC nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC3* RCi nvCC ) *i nv¥
ORCC*C *Rful | );

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'sigmHC3',' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTMBrd, T, N); %arrange the set of COLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev
mat f or each tine period.

OregaBK=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaBK*RC nvCC' ) *i nv¢
OGRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . 70. 5;

clear('E ,"'sigmaBK ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaHTM2nd/ (si gmaHTMBrd”2))* Rful | ' * PC* PBHT* Pnu* Rbar *. . .
i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) * Rbar' * Pnu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (si gmaHTMBrd”2) ) *(Rful I ' *PC*resi HTM3rd) *. . .
(resi HTM2nd' * PBHT* Pu* Rbar *i nv( Rbar' * Pnmu* PBHT* Pnu* Rbar ) ¢

¥ Rb&mu* PBHT* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmHTM3rd' ,' OnegaGW , ' Psi 1',"' Psi2', ...
"Psi 3',"' OmegaMI');
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% store coefficients and standard errors (8 col umms)
rdoeql(12). coef=[t hetaHTM st der GWM st der HC1, st der HC2, st der LE, st der HC3, v
sBHest der MT] ;
rdoeql(12).resi=resi HTM3rd;
clear('resi HTM3rd',"' t hetaHTM , ' stderGW , ' stder HC1' , ' stder HC2' , . ..
"stderLE', " 'stderHC3','stderBK ,'stderM™ ,"'PR ,'PC,'Rfull"',...
"C,"RC nvCC ,'estinmadores',' Rfull");

0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 13: G3SPD _HTMNew ( New version using the HT set of

% instruments in the 3rd Step estinmation)
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 1lst Step:
% i dem FEBal .

% 2nd St ep:
% i dem G3SPD_HTM (A d version)

% 3rd Step

Rf ul I =si ngl e([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), resi HTM2nd] ); % ul | dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects

C=[ A, BHT, resi HTM2nd] ; %set of instrunents

PC=C*inv(C *Q)*C ;

PR=Rful I *i nv(Rful I " *Rful  )*Rful | '; %projection matrix of the regressors

RCi nvCC=Rful | ' *C*inv(C *C);

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aHTMNEWEI nv( RCI nvCC*C *Rful | ) *RCi nvCC*C' *vy;
resi HTMNEWBr d=y- Rf ul | *t het aHTMNEW

% GW covar.: stored in colum 2

si gmaHTMNEVBr d=(r esi HTMNEWBr d' *r esi HTMNEWBr d) / (N*T- K) ;
OregaGWFsi gmaHTMNEWBr d*i nv( RCi nvCC*C *Rful | ) ;

st der GWEdi ag( OregaGwW) . 70. 5;

% WH- HCL covar.: stored in colum 3

si gmaHC1=C *di ag(r esi HTMNEWBr d. ~2) * C,

OnegaHCl=i nv(RG nvCC*C *Rf ul I ) * ( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nv
GRCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . ~0. 5;

clear (' sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTMNEWBrd. ~2)./(1-di ag(PR))) *C,

OnegaHC2=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv
ORCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmHC2',' OregaHC2');
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% VWH- LE covar.: stored in colum 5

epsi | onast =r esi HTMNEWBr d. / (1-di ag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”2) *C,

OnegalLE=i nv(RCi nvCC*C *Rful | ) *(RC nvCC*si gmaLE*RCi nvCC ) *i nv¥
ORCC*C *Rful 1) ;

st der LE=di ag( OnegaLE) . ~0. 5;

cl ear (' OregalLE');

% WH-HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

OnmegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
ORCC*C *Rful | ) ;

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,' OmregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTMNEWBrd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev
imat for each tine period.

OnegaBK=i nv( RCi nvCC*C *Rful | ) * ( RC nvCC*si gnaBK*RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . 70. 5;

clear('E ,"'signmaBK' ,' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGWM

Psi 2=(si gmaHTM2nd/ ( si gmaHTMNEWBr d*2) ) * Rful | ' * PC* PBHT* Pmu* Rbar * . . .
i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) * Rbar ' * Pmu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (si gmaHTMNEWBr d”2) ) *(Rf ul | ' *PC*r esi HTMNEWBrd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar ) ¥

¥ Rb&nu* PBHT* PC*Rf ul | ) ;

OregaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MT=di ag( OnegaMr) . *0. 5;

clear('sigmaHTMNEWBrd' ,' OmregaGvM , ' Psi 1l ,"Psi2', ...
"Psi 3',' OregaMr', 'resi HTM2nd' , ' si gmaHTM2Nnd' ) ;

% store coefficients and standard errors (8 col ums)
rdoeql(13). coef=[t het aHTMNEW st der GW st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;
rdoeql(13).resi=resi HTMNEWBr d;
clear('resi HTMNEWBrd' , 't hetaHTMNEW , ' stder GV , ' stder HC1' , ' st der HC2' , . ..
"stderLE' , ' stderHC3','stderBK ,'stderMr ,'PR ,'PC,"'Rfull"', ...
"C,"RC nvCC ,'estinmadores', ' Rfull");

if exist(['.\egl\esti _eql ' nunRstr(nt, ' 9%3.0f") ' ' nunmstr(rho, "' %3. Or
f')y],"dir )~=7
nmkdir(['.\eqllesti_eql ' nunmRstr(nt, " 9%3.0f") ' ' nunRstr(rho," %3.0f")]);
end
filenane=['.\eqllesti _eql ' nunm@str(nt,'9%3.0f") ' ' nunRstr(rho,"' %3.0f")...
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‘\esti _eql ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstr¥
(obs " 9%t.0f")];
save(fil enane, ' rdoeql');
disp([filenane ' guardado. Continuar...']);
clear('rdoeql');

end
toc
end
end
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% Functi on ESTI MAEQL_V7
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_v7

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/sigmaepsilon) coefficients

(oL o ")
di sp([’ Rho= ' nun2str(rho)]);

disp( ' e )
tic

% open files containing variables and convert to single
clear (' X1',"X2'," X3","'X4'","'X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mNewrE\ base\ base ' numRstr(nt,"%3.0f") * ' nunRstr(rho," %
3.0f )1;

load(fil ename, ' X1',' X2',"' X3',"'X4","X5',"'z1","72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeterm ned matri xes

R

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

A=si ngl e( Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv(A *A) *A";

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3,0nes(N*T, 1)])); Ybetween instrunents
PB=B*i nv(B' *B) *B';

BHT=si ngl e( Pmu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1)]); %between instrunents
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

for obs=1:1:1000 %4000 experinents for each conbinati on of (nt,rho)
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gedous

(rho ' 93. Of"

(obs ' %. Of

esro

disp(["

Re[ Y, X1, X2, X3, Z1, Z2, ones(N*T, 1) ] ;

K=si ze(R, 2);

Rwave=[ Y, X1, X2, X3] ;

Observati on:
Y=si ngl e(dat os(1, obs). Y(:,2));
y=si ngl e(datos(1, 0bs). Y(:,1));

%Eq. 1,

Kwave=si ze( Rnave, 2);

al |

%open data for the observation

filenane=[' C.\Di ego\ Si mNewrE\ eql\esti _eql '

)
)1

‘\esti _eql '

nungstr(nt,’

%8. 0f ' )

| oad(fil enane, ' rdoeql');

resi FEBal =rdoeql(3).resi;
si gmaFEBal =(resi FEBal ' *Qmu*resi FEBal )/ (N*( T- 1) - Kwave) ;
st der FEBal =di ag( si gmaFEBal *i nv( Rwave' * Qru* PA* Qru* Rnave) ) . 20. 5;

rdoeql(3). coef(:,2)=[

NaN( 1, 1)

stder FEBal (1, :
st der FEBal ( 2, :
stder FEBal (3, :
st der FEBal (4, :

NaN(9,1)];

%Eq.

17

regressors: Y,

num@str (obs)]);

al |

regressors:

Y, X3,

z3 arev

x3, z3 are endogenous
numstr(nt, "' %3. 0f ") nungstr ¥
nunm@str (rho, ' ¥3. 0f ") nungstr ¥

Uy 1:
%y 2
9x1
9X2
9X3

enpty

%hew std. ¢

X4, X5, Z1, 22, 73, phi 1, phi 2, nul, nu2: ¢

clear('resiFEBal','signmaFEBal','stderFEBal"');

resi BEBal =rdoeql(5).resi;
si gmaBEBal =(resi BEBal ' * Pmu*r esi BEBal ) / ( N-K) ;
st der BEBal =di ag( si gmaBEBal *i nv( R * Pnu* PB* Pmu*R) ) . ~0. 5;

rdoeql(5).coef(:,2)=]

NaN(1, 1) ;

stder BEBal (1, :
st der BEBal ( 2, :
st der BEBal ( 3, :
st der BEBal ( 4, :

NaN(2, 1) ;

st der BEBal ( 5, :
st der BEBal ( 6, :

NaN(1, 1);

stder BEBal (7, :

NaN(3,1)];

Uy l:
%y 2
X1
X2
%X3

%X4, X5:
w1
w2

%Z3: enpty
%ohi 1

%phi 2, mul, nu2:

enpty

enpty

clear('resiBEBal','sigmaBEBal ', ' stderBEBal"');

%mew std.

enpty

errors
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Met hod 9: ECCorn

Y%ewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qru* PA* Qru* Rnwave) * Rwave' * Qmu* PA* Qru* y;

ewave=rdoeql(3).resi;

% aken from FEBal

si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;
%ebar =Pnu*y- Pru* R*i nv( R *Pnu* PB* Pmu* R) * R' * Pnu* PB* Prru* y ;

ebar =r doeql(5).resi;

% aken from BEBal

si gma2=( (ebar' *Pnu*ebar)/ (N K- 1)) 0. 5;
WCor n=( 1/ si gnal) * Qmu+( 1/ si gna2) * Pnu;

resi ECCor n=r doeql1(9).

si gmaECCor n=(r esi ECCor n' *r esi ECCorn) / (N*T-K) ;

st der ECCor n=di ag(si gnaECCor n*i nv( R *WCor n* ( PA+PB) * \WCor n*R) ) . ~0. 5;

rdoeql(9).coef(:,2)=]

clear (' ewave','ebar',
' si gmaECCorn' , ' st

resi;

NaN( 1, 1);

stder ECCorn(1,:)
stder ECCorn(2,:);
stder ECCorn(3,:)
stder ECCorn(4,:)
NaN( 2, 1) ;

stder ECCorn(5,:);
st der ECCorn(6, :);
NaN( 1, 1);

stder ECCorn(7,:);
NaN(3,1)];

% within"

%1l. enpty
%y 2
X1
9X2
%X3

%X4, X5:
LAl
%2

%3: enpty
%phi 1

%hi 2, mul, mu2:

enpty

"sigma2','WCorn','resi ECCorn', ...

der ECCorn');

conmponent of ¥

%mew std. ¥

enpty

ebar HT=Prmu*y- Pnu*R*i nv( R * Pnu* PBHT* Pnu* R) * R * Pnu* PBHT* Prru* y;
si gma2HT=( (ebar HT' * Pnu*ebar HT) / (N- K- 1) ) 0. 5;
WHT=( 1/ si gmal) * Qru+( 1/ si gnma2HT) * Pnu;

resi HT=rdoeql(10).resi;

si gmaHT=(r esi HT" *r esi

rdoeql(10).coef(:,2)=

HT) / (N*T-K); % wi thin"
st der HT=di ag(si gmaHT*i nv( R * WHT* ( PA+PBHT) *WHT*R) ) . ~0. 5;

[ NaN(1, 1); %1: enpty
stderHT(1,:); Wy 2
stderHT(2,:); X1
stderHT(3,:); 92
stderHT(4,:); 9X3
NaN( 2, 1) ; 9xX4, X5: enpty
stderHT(5,:); %1
stderHT(6, :); %2
NaN( 1, 1); %3: enpty
stderHT(7,:); %ohi 1
NaN(3,1)]; %phi 2, mul, nu2:

cl ear (' ebarHT' ,"'signmal',"'sigm2HT

Met hod 15: G3SPD_Std

% esi dual s

3rd Step

conmponent of variance

Omew std. errors

enpty

,"VWHT' |, "resi HT', ' sigmaHT' , ' stderHT");
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resi Std2nd=rdoeql(14).resi;

si gmaSt d2nd=(r esi Std2nd' *resi St d2nd) / ( N- Kbar) ;

resi St d3rd=rdoeql(15).resi;

Rful I =single([Y, X1, X2, X3, Z1, Z2, resi Std2nd, ones(N*T,1)]); % ull dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects

PR=Rful I *inv(Rful Il " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rfull, 2);

% GWM covar.: stored in colum 2

si gmaSt d3rd=(resi Std3rd' *resi Std3rd)/ (N T-K) ;
OnegaGWWEsi gmasSt d3rd*i nv(Rful 1" *Rful | ) ;

st der GWkEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHCl=di ag(resi Std3rd. "2);

OnmegaHCl=i nv(Rful | " *Rful ) *(Rful | ' *si gmaHC1*Rf ul | ) *i nv(Rful | ' *Rful |') ;
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl',"' OnegaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=di ag((resi Std3rd. "2)./(1-di ag(PR)));

OregaHC2=i nv(Rful I " *Rful I )*(Rful | ' *si gnmaHC2*Rf ul | ) *i nv(Rful I " *Rful | ) ;
st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmHC2',' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =resi Std3rd./(1-di ag(PR)); %psilon*

si gmaLE=di ag( (epsi | onast.”2));

OregaLE=inv(Rful I" *Rful I )*(Rful I ' *si gmaLE*Rful [ ) *i nv(Rful | ' *Rful | ) ;
st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OnegalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (epsi | onast *epsi | onast"');

OregaHC3=i nv(Rful I " *Rful I ) *(Rful | " *si gmaHC3*Rf ul | ) *i nv(Rful |l " *Rful 1) ;
st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,' OnegaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Std3rd, T, N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matrix¥
feach tinme period.

OregaBK=i nv(Rful I " *Rful I )*(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful | );

st der BK=di ag( OnegaBK) . 70. 5;

clear('E ,'sigmBK ,' OmegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaSt d2nd/ (si gmasSt d3rd”2))* Rfull'*. ..
Prmmu* Rbar *i nv( Rbar' *Prnmu* Rbar ) *Rbar' *Pnu*Rf ul | ;

Psi 3=(1/ (sigmaStd3rd®2))*(Rfull ' *resi Std3rd) *. ..
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(resi Std2nd' *Pru* Rbar *i nv( Rbar ' * Pmu* Rbar ) * Rbar ' *Pnu*Rful | ) ;
OregaMr=Psi 1+Psi 1* (Psi 2- 2*Psi 3) *Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear('sigmStd3rd',"'sigmasStd2nd',' OregaGWM , "' Psi 1l ,'Psi2',...
"Psi 3", OnegaMI' , 'resi Std2nd');

% store coefficients and standard errors (8 col ums)
st der=[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI]
rdoeql(15). coef=rdoeql(15).coef(:,1);

rdoeqgl(15).coef(:,2:8)=[NaN(1, 7); %1: enpty
stder(1,:); Uy 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 7) ; 9X4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN(1, 7); %3: enpty
stder(8,:); %hi 1
NaN(1, 7); %phi 2: enpty
stder(7,:); %rul
NaN(1, 7)1; %ru2: enpty
clear('resi Std3rd','stderGW ,'stderHCL','stderHC2',' PR , ..
"stderLE','stderHC3','stderBK ,'stderMr",'Rfull','stder');
YFE============S===SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSs=SS===S===S
% Met hod 16, 17, 18: G3SPD Corn
YFE==========================S======SS===========S=====S=S=====S============
% 1st st age
resi Cornlst=rdoeql(16).resi
si gmaCor nlst =(resi Cornlst' *Qru*resi Cornlst)/ (N*(T-1)-Kwave);
st der Cor nlst =di ag(si gmaCor nlst *i nv( Rnave' * Qmu* PA* Qru* Rwave)) . 70. 5;
rdoeql(16).coef(:,2)=[ NaN(1,1); %1: enpty
stderCornlst(1,:); %y 2
stderCornlst(2,:); X1
stderCornlst(3,:); 92
st der Cornlst (4,:); 9%X3
NaN( 9, 1)]; 9X4, X5, Z1, Z2, Z3, phi 1, phi 2, mul, ¢
meapt y

clear('resiCornlst','sigmaCornlst','stderCornlst');

% 2nd st age
resi Corn2nd=rdoeql(17).resi
si gmaCor n2nd=(r esi Cor n2nd' * Pnu*r esi Cor n2nd) / ( N- Kbar) ;
st der Cor n2nd=di ag(si gmaCor n2nd*i nv( Rbar' * Prmu* PB* Pmu* Rbar ) ) . ~0. 5;

rdoeql(17).coef(:,2)=[ NaN(7,1); Wyl,y2, X1, X2, X3, X4, X5: enpty
st der Corn2nd(1, :); %1
st der Corn2nd( 2, :); %2
NaN( 1, 1); %3: enpty
st der Cor n2nd( 3, :); %ohi 1
NaN(3, 1)]; %phi 2, mul, mu2: enpty

clear (' stder Corn2nd');
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% 3rd stage

resi Corn3rd=rdoeql(18).resi;

Rful | =[Y, X1, X2, X3, Z1, Z2, resi Corn2nd, ones(N*T, 1)]; % ul | dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, resi Corn2nd, ones(N*T, 1)]; %et of instrunents

PC=C*inv(C *C) *C ;

RCi nvCC=Rful | ' *C*i nv(C *C);

PR=Rful I *inv(Rful Il "*Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rfull, 2);

% GW covar.: stored in colum 2

si gmaCor n3rd=(resi Corn3rd' *resi Corn3rd)/ (N*T-K);
OnmegaGWWEsi gmaCor n3r d*i nv( RCi nvCC*C *Rful | ) ;

st der GWEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(r esi Cor n3rd. *2) *C,

OregaHCl=i nv(RG nvCC*C *Rf ul | ) * (RCi nvCC*si gnmaHC1*RCi nvCC' ) *i nv¥
ORCC*C *Rful | ) ;

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi Corn3rd. *2)./(1-di ag(PR)))*C,

OregaHC2=i nv( RG nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC2* RCi nvCC' ) *i nv¥
GRCC*C *Rful | );

st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmaHC2',"' OnegaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =resi Corn3rd./ (1-diag(PR)); %epsilon**

si gmaLE=C *di ag( epsi | onast."2) *C;

OregalLE=i nv(RCi nvCC*C *Rful | )*(RCG nvCC*si gmaLE*RCi nvCC' ) *i nv¥
GRCC*C *Rful | );

st der LE=di ag( OnegaLE) . 0. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

OregaHC3=i nv(RG nvCC*C *Rf ul | ) * (RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvk
GRCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . ~0. 5;

clear (' epsilonast','sigmlLE ,'sigmHC3 ,' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Corn3rd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, “Beck & Katz (1995) covari ancex
mat f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gnmaBK*RCi nvCC' ) *i nv¥
ORCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;
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clear('E ,"'sigmaBK ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaCor n2nd/ ( si gnmaCor n3rd”2))* Rful | ' * PC* PB* Pnu* Rbar *. . .
i nv( Rbar' * Pnu* PB* Pmu* Rbar ) * Rbar' * Pnu* PB* PC*Rf ul | ;

Psi 3=(1/ (si gmaCorn3drd”2))*(Rfull ' *PC*resi Corn3rd) *. ..
(resi Corn2nd' * PB* Pmu* Rbar *i nv( Rbar ' * Pru* PB* Pnu* Rbar ) ¥

¥ Rb&mu*PB* PC*Rf ul | ) ;

OnmegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmCorn3drd',"'sigmCorn2nd' ,' OregaGwWM , "' Psil','Psi2',...
"Psi 3", OnegaMI' , 'resi Corn2nd');

% store standard errors
st der=[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI] ;
rdoeql(18). coef=rdoeql(18).coef(:,1);

rdoeql(18).coef(:,2:8)=[NaN(1, 7); %1: enpty
stder(1,:); Uy 2
stder(2,:); 9x1
stder(3,:); 9X2
stder(4,:); X3
NaN( 2, 7) ; 94, X5: enpty
stder(5,:); w1
stder(6,:); %2
NaN( 1, 7); %3: enpty
stder(8,:); %hi 1
NaN( 1, 7); %hi 2: enpty
stder(7,:); %rul
NaN(1, 7)1 ; %u2: enpty

clear('resi Corn3rd', " stderGvW ,'stderHCLl' ,'stderHC2',...
"stderLE ,'stderHC3','stderBK ,'stderMr,'PR ,'PC,"Rfull"', ...

"C,"RCnvCC ,'estimadores', ' Rfull','stder');
% %vet hod 19, 20: G3SPD_HTM

% 2nd st age
resi HTM2nd=r doeq1(19) . resi ;
si gmaHTM2nd=(r esi HTM2nd' * Pnu*r esi HTM2nd) / ( N- Kbar) ;
st der HTM2nd=di ag(si gmaHTM2nd*i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar)) . 0. 5;

rdoeql(19).coef(:,2)=[ NaN(7,1); %yl,y2, X1, X2, X3, X4, X5: enpty
st der HTM2nd( 1, :); %1
st der HTM2nd( 2, :); %2
NaN( 1, 1); %3: enpty
st der HTM2nd( 3, :); %pohi 1
NaN(3,1)]; %ohi 2, nul, mu2: enpty

clear (' stder HTM2nd" ) ;

% 3rd Step:
resi HTM3r d=r doeql1(20) . resi ;
Rful I =[Y, X1, X2, X3, Z1, Z2, resi HTM2nd, ones(N*T, 1)]; % ul | dataset, includinge
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athe original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, r esi HTM2nd, ones(N*T, 1)]; % et of instrunments
PC=C*inv(C *C) *C ;
RCi nvCC=Rful | ' *C*i nv(C *C);
PR=Rful I *inv(Rful | " *Rful I )*Rful I '; %projection matrix of the regressors
K=si ze(Rfull, 2);

% GWM covar.: stored in colum 2

si gmaHTM3r d=(r esi HTM3rd' *r esi HTM3rd) / ( N* T- K) ;
OnmegaGWWEsi gmaHTMBr d*i nv(RC nvCC*C *Rf ul | ) ;
st der GWkEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(resi HTM3rd. ~2) *C;

OnegaHCl=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gnmaHC1*RCi nvCC' ) *i nv
ORCC*C *Rful | ) ;

st der HC1=di ag( OregaHCl1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTM3rd. *2)./ (1-diag(PR)))*C,

OregaHC2=i nv(RG nvCC*C *Rf ul | ) * (RCi nvCC*si gnmaHC2* RCi nvCC' ) *i nv¥
GRCC*C *Rful | );

st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmaHC2',"' OnegaHC2');

% VWH- LE covar.: stored in colum 5

epsi | onast =r esi HTM3rd. / (1-di ag(PR)); %psilon**

si gmaLE=C *di ag( epsi | onast."2) *C;

OregalLE=i nv(RCi nvCC*C *Rful | ) *( RCi nvCC*si gnaLE*RC nvCC' ) *i nv¥
ORCC*C *Rful | );

st der LE=di ag( OnegaLE) . 0. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (C *epsi |l onast *epsi | onast' *C) ;

OregaHC3=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvk
OGRCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . ~0. 5;

clear(' epsilonast','sigmlLE ,'sigmHC3 ,' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTM3rd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covariancev¥
mat f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gmaBK*RCi nvCC' ) *i nv¥
ORCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,'sigmBK ,' OnegaBK');

% MI' covar.: stored in columm 8
Psi 1=OmregaGvM
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Psi 2=(si gmaHTM2nd/ (si gmaHTMBrd~2) ) * Rful | ' * PC* PBHT* Pnu* Rbar * . . .
i nv( Rbar' * Pnmu* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT* PC*Rf ul | ;

Psi 3=(1/ (si gmaHTM3rd*2))*(Rful | * *PC*resi HTMBrd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar' * Pnmu* PBHT* Pnu* Rbar ) ¥

¥ Rb&mu* PBHT* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmHTM3rd',' OnegaGW , ' Psi 1',"' Psi2', ...
"Psi 3", OmregaMI');

% store standard errors
st der=[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI] ;
rdoeql(20). coef=rdoeql(20).coef(:,1);

rdoeqgl(20).coef(:,2:8)=[NaN(1, 7); %1: enpty
stder(1,:); Uy 2
stder(2,:); o1
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 7); 9%X4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 7); %3: enpty
stder(8,:); %ohi 1
NaN(1, 7); %phi 2: enpty
stder(7,:); %l
NaN(1, 7)]; %ru2: enpty

clear('resi HTM3rd','stder','stderGW ,'stderHCl','stderHC2',...
"stderLE ,'stderHC3','stderBK ,'stderMr,'PR ,"'PC,"Rfull", ...
"C,"RGnvCC,"'Rfull");

0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 25: G3SPD _HTMNew (New version using the HT set of

% instruments in the 3rd Step estimation)
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 1st Step:
% i dem G3SPD_HTM

% 2nd St ep:
% i dem G3SPD_HTM

% 3rd Step

Rful I =singl e([Y, X1, X2, X3, Z1, Z2, r esi HTM2nd, ones(N*T, 1)]); % ull dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects

C=[ A, BHT, resi HTM2nd] ; %et of instrunents

PC=C*inv(C *C) *C ;

PR=Rful I *inv(Rful | " *Rful I )*Rful I '; %projection matrix of the regressors

RCi nvCC=Rful | ' *C*i nv(C *C);

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aHTMNEWEI nv( RCi nvCC*C *Rf ul | ) *RCi nvCC*C *y;
resi HTMNEWBr d=y- Rf ul | *t het aHTMNEW
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% GWM covar.: stored in colum 2

si gmaHTMNEWBr d=(r esi HTMNEWBr d' *r esi HTMNEVBrd) / (N* T- K) ;
OnegaGWMEsi gmaHTMNEVBr d* i nv( RCi nvCC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 70. 5;

% WH- HCL covar.: stored in colum 3

si gmaHC1=C *di ag(r esi HTMNEWBr d. ~2) * C,

OnegaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag( (resi HTMNEWBrd. ~2)./(1-di ag(PR))) *C;

OregaHC2=i nv(RC nvCC*C *Rful | ) * (RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
ORCC*C *Rful | ) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmHC2',' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =r esi HTMNEWBr d. / (1-di ag(PR)); %epsilon**

si gmaLE=C *di ag( epsi | onast."2)*C;

OregalE=i nv(RCi nvCC*C *Rful | )*(RC nvCC*si gmaLE* RCi nvCC' ) *i nvv
ORCC*C *Rful | );

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (C *epsi | onast *epsi |l onast' *O) ;

OregaHC3=i nv( RG nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC3* RCi nvCC ) *i nv ¥
GRCC*C *Rful | );

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE','signmHC3',' OmregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTMNEWBrd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, “Beck & Katz (1995) covariance«
mat for each tine period.

OregaBK=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaBK*RC nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . 0. 5;

clear('E ,"'sigmaBK' ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OregaGvM

Psi 2=(si gmaHTM2nd/ ( si gmaHTMNEWBr d~2) ) * Rful | ' * PC* PBHT* Pmu* Rbar * . . .
i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) * Rbar' * Pnu* PBHT* PC* Rf ul | ;

Psi 3=( 1/ (si gmaHTMNEWBr d*2) ) * (Rf ul | ' * PC*r esi HTMNEWBrd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) ¢

¥ Rb&mu* PBHT* PC*Rf ul | ) ;
OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;
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st der MI'=di ag( OnegaMr) . 70. 5;
clear(' si gmaHTMNEWBrd' ,' OregaGW , " Psi1', " Psi2', ...
"Psi 3", OnegaMI' , ' resi HTMnd' , ' si gmaHTM2nd' ) ;

% store coefficients and standard errors (8 col ums)
st der=[t het aHTMNEW st der GW st der HCL1, st der HC2, st der LE, st der HC3, st der BK, ¥

sivig;
rdoeql(25).coef=[NaN(1, 8); %1l: enpty
stder(1,:); Wy 2
stder(2,:); X1
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 8) ; 9X4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 8) ; %3: enpty
stder(8,:); %ohi 1
NaN( 1, 8) ; %ohi 2: enpty
stder(7,:); %rul
NaN(1, 8)1]; %ru2: enpty
rdoeql(25).resi=resi HTMNEWBr d;
clear('resi HTMNEVBrd' ,'thet aHTMNEW , ' stder GW , ' stder HC1' , ' stder HC2' , . ..
"stderLE','stderHC3','stderBK ,'stderM™,'PR ,'PC ,'Rfull"',...
"C,'RCG nvCC ,'estinmadores', ' Rfull');
% Save results
if exist(['C\D ego\Si mMNewFE\eql\esti _eql ' num@str(nt, ' 93.0f") ' ' nunRstr¥
(rho "98.0f" )], "dir")~=7
nkdir ([ C\Di ego\ Si mMNewFE\ eql\esti _eql_" nunstr(nt,' %3.0f") '_' nun@stre
(rho "98.0f')]);
end
filename=[' C:\ D ego\ Si nNewrFE\ eql\esti _eql_' nun@2str(nt,'%3.0f") '_' nun@strw«
(rho "98.0f")...
"\esti_eql ' nunRstr(nt,' 9%3.0f") ' ' nun2str(rho, %3.0f") ' ' nun@str¥¢
(obs "%.0f")];
save(fil enane, 'rdoeql');
disp([filenane ' guardado. Continuar...']);
cl ear (' rdoeql');
end
toc
end

end
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% Functi on ESTI MAEQL_ALTER V1

% Thi s program perform conpl ementary estimations for EQUATION 1

% Aut hor: Di ego Avanzi ni

function estimueql_alter_vl

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200,
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases,1l) %even conbinati ons of N and
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) '

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/
disp( ' e '
disp([’ Rho= "' nunm@str(rho)]);

disp( ' = 00 @ ceeeemeeeieeeiieeiie e
tic

30; 200, 50]; %onbi nati ons of

%/ w ratio

T

:::::::::');
="' nunm@str(T)]);

:::::::::');

si gmaepsi |l on) coefficients

)

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt,'%3.0f") ' '
| oad(filenane, ' X1',"'X2',"X3","'X4","'X5","'7z1" "' 72
filenane=["'.\case\case ' nunRstr(nt,'9%3.0f") ' '
| oad(fil enane, ' datos');

Xl=singl e( X1); X2=single(X2); X3=single(X3); X4=

Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes

R R R R

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

nunstr(rho, ' 3. 0f")];
1 Z3Y);
nunstr(rho, " ¥3.0f")];

si ngl e( X4); X5=singl e( X5);

A=si ngl e(Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv( A *A)*A';

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, 71, 72, Z3, ones( N* T,
PB=B*i nv(B' *B) *B' ;

BHT=si ngl e( Pnu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1) 1) ;
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

1)])); Ybetween instrunments

obet ween i nstrunents

(N, ¥
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for obs=1:1:1000 %000 experinents for each conbination of (nt,rho)
disp([’ oservation: ' nun2str(obs)]);
y=si ngl e(dat os(1, obs). Y(:,1)); %lependent var.
Y=si ngl e(dat os(1, obs).Y(:,2)); %ndogenous var

R=[Y, X1, X2, X3, Z1, Z2, ones(N*T, 1)]; %q. 1, all regressors: Y, x3

gedous
K=si ze(R, 2);

z3 arev

Rwave=[Y, X1, X2, X3]; %q. 1, all regressors: Y, x3, z3 are endogenous

Kwave=si ze( Rwave, 2);

filenane=['.\eql\lesti _eql ' nunmRstr(nt,'9%3.0f") ' ' nunstr(rho,

‘\esti _eql ' nun2str(nt, ' %3.0f") ' ' nunstr(rho,"' %3.0f")
(obs "9%t. 0f')];
| oad(fil enane, ' rdoeql');

e e e e eSS

% 1st Step: FEBal

e e e e
redo(1). coef =rdoeql(3).coef;

redo(1l).resi=rdoeql(3).resi;

t het aFE=redo(1). coef(2:5,1);
Yr====================== === =S=SSSSSS ST SSSS ST SSSSSSSSSSSSSSSSSSS============
% 2nd Step: BEBal
Yr================S=S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=S=S==============

redo(2). coef=rdoeql(5). coef;

redo(2).resi=rdoeql(5).resi;

t het aBE=[redo(2).coef(8:9,1);

redo(2).coef(11,1)];
e S e e e e e e e B e P B eSS
% 3rd Step: MiHat
e S e e e e e
uhat =Prmu*y- Pmu* Rwave*t het aFE

MiHat =uhat - Rbar *t het aBE

redo(3).resi =MuHat ;

e e e e e e e e S EE s s
% 4t h Step: Pooled OLS
e e e e e

3. 0f")...
nunmstr ¥

Rful I =si ngl e([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat]); % ull dataset, including¥

athe original vars. plus the estimted Fixed Effects

C=[ X1, X2, X3, X4, X5, Z1, 72, Z3, ones(N*T, 1), MuHat]; % et of instrunents

RCi nvCC=Rful | ' *C*i nv(C *C);
K=si ze(Rful |, 2);

% Coefficients: stored in colum 1
t het aCor n=i nv( RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi =y- Rful | *t het aCorn;

% GW covar.: stored in colum 2
si gmaGWE(resi ' *resi )/ (N T-K);
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OnmegaGWMEsi gmaGMVFi nv( RCi nvCC*C *Rful | ) ;
st der GWEdi ag( OregaGwW) . 70. 5;
clear('sigmaGW , ' OregaGWM ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancex
mat f or each tine period.

OnegaBK=i nv(RCi nvCC*C *Rf ul | ) * (RC nvCC*si gmaBK*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,'sigmBK ,' OmegaBK');

% store coefficients and standard errors (3 col ums)

redo(4). coef =[ t het aCor n, st der GW st der BK] ;

redo(4).resi=resi;

clear('resi',"thetaCorn','stderGwW ,'stderBK ,'Rfull"',...
"C,"RCG nvCC);

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
if exist(['.\eql alter\esti _eqgl ' nun2str(nt,' ' 9%3.0f"') ' ' nunstr(rho, "' %3. 0¥
f')l],"'dir )~=
nmkdir(['.\egl alter\esti_eql ' nunstr(nt, ' 9%3.0f") ' ' num2str(rho,"' %3. O¥
1)
end
filename=['.\eql_alter\esti_eql_' numRstr(nt,' %3.0f") '_' numstr(rho,' %3. 0¥
fry...
‘\esti_eql_' nunRstr(nt,"93.0f") '_' nunRstr(rho,  %3.0f") '_' nun@str¥«

(obs "%.0f")];
save(fil enane, 'redo');
di sp([filename ' guardado. Continuar..."']);
clear('rdoeql','redo');

end
toc
end
end
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% Functi on ESTI MAEQL ALTER V2
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_alter_v2

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases, 1) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

disp([' Caso: ' num@str(nt) ' N= ' numestr(N) © T= ' nunestr(T)]);

Zmu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( Znu*i nv(Zmu' *Znu) *Zmu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('zZm');

for rho=1:1:size(rhocases,1l) %eleven rho (sigmanu/signmaepsilon) coefficients

disp( " e );
disp([’ Rho= ' nunRstr(rho)])

disp( " s ");
tic

% open files containing variables and convert to single
clear("X1',"'X2',"' X3","X4","X5'," 71" ,'Zz2",' 73" ,"'datos');

filenane=["'c:\di ego\Si mMNewrE\ base\ base ' numRstr(nt,"'%3.0f") ' ' nunstr(rho," %
3.0f )];

load(fil ename, ' X1',' X2'," X3',"'X4","X5',"z1","'Z72","'2723");

filenane=['c:\diego\S mNewFE\ case\ case ' nun2str(nt,' ' %3.0f") ' ' nun@str(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
Xl=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%redetern ned matri xes

N

BHT=si ngl e( Pmu*[ X1, X2, X4, X5, Z1, Z3, ones(N*T, 1)]); %between instrunments
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

for obs=1:1:1000 %1000 experinents for each conbinati on of (nt,rho)
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gedous

(rho ' 98. Of

(obs ' %. Of '

disp([’ Cbservation
y=si ngl e(datos(1,0bs).Y(:,1));
Y=si ngl e(dat os(1, obs). Y(:,2));

" nun@str(obs)]);
%dependent var.
%endogenous var

R=[Y, X1, X2, X3, 71, Z2, ones(N*T, 1)]; %=q. 1, all regressors: Y, x3, z3 are¥
K=si ze(R, 2);

filenane=['c:\diego\S mNewrE\eql\esti _eql ' nunRstr(nt, ' 9%3.0f") ' ' nunmRstrv¢
)...'\esti_eql_' nungstr(nt, %3.0f") ' ' nunRstr(rho,"%3.0f") ' ' nunRstrr

)1

| oad(fil enane, ' rdoeql');

met =25:(-1): 6
if size(rdoeql(net).coef,2)>0

rdoeql(net +1). coef =[rdoeql(net).coef (2:5,:); %y 2, X1, X2, X3
rdoeql(net).coef (8:9,:); Wi, 722
rdoeql(net). coef (11,:); %/ar phi 1
rdoeql(net).coef (13,:)]; %hi 1

rdoeql(net +1).
rdoeql(net+1).
el se
rdoeql(net+1).
rdoeql(net +1).
rdoeql(net+1).

resi =rdoeql(met).resi;
stat s=rdoeql(net).stats;

coef=[];
resi=[];
stats=[];
end

t het aBEHTMEI nv( R * Pmu* PBHT* Pmu* R) * R * Pru* PBHT* Prru* y;

r esi BEHTM=Pnu* y- Pnu* R*t het aBEHTM

si gmaBEHTM=( r esi BEHTM *Pnu*r esi BEHTM) / ( N- K) ;

st der BEHTM=di ag( si gmaBEHTMF i nv( R * Pmu* PBHT* Pru*R) ) . 70. 5;
esti madores=[t het aBEHTM st der BEHTM ;
rdoeql(6). coef z[ esti madores; NaN(1, 2)];
rdoeql(6).resi=resi BEHTM
clear('thetaBEHTM ,'resi BEHTM , ' stder BEHTM , ' esti nadores');

Omew std. errors

%hil is enpty

size(rdoeql(net). coef, 2)>0
rdoeql(net).coef=[ rdoeql(net).coef(2:5,:);
rdoeql(net).coef (8:9,:);

Ny2, X1, X2, X3
i, 722
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rdoeql(net).coef (11,:); %var phi 1
rdoeql(net).coef (13,:)]; %°hi 1
end
end
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
if exist(['c:\diego\SinLastFE\esti _eqllesti_eql ' numRstr(nt,'93.0f") ' '¥¢
stin@r ho, "98.0f")], dir)~=7
mkdi r([' c:\di ego\ Si mLast FE\ esti _eql\esti _eql ' nunstr(nt, ' ¥3.0f") ' '«
stungr ho, "93.0f')]);
end
filenane=['c:\diego\Si nLastFE\esti _eql\esti _eql ' nunRstr(nt, ' %3.0f") ' 'w
stungr ho, "o8.0f ). ..
‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstr¥

(obs "9%t.0f"')];
save(fil enane, ' rdoeql');
di sp([filenanme ' guardado. Continuar...']);
cl ear (' rdoeql');

end
toc
end
end



Cepb\ Prograns\ esti maeql alter v3. m 1 of 4

% Function ESTI MAEQL_ALTER_V3
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzin

function estimeql_alter_v3

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' N= ' num@str(N) = nungstr(T)]):

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('zZm');

for rho=1:1:size(rhocases,1l) %eleven rho (sigmanmu/sigmepsilon) coefficients

disp( " s );
disp([’ Rho= ' nunRstr(rho)])

disp( " s ");
tic

% open files containing variables and convert to single
clear("X1',"'X2',"' X3","X4","X5'," 71" ,'Zz2",' 73" ,"'datos');

filenane=['.\base\base ' nunRstr(nt,' %3.0f") ' ' nunmstr(rho,  %3.0f")];
| oad(filenane, ' X1','X2',"'X3","'X4","'X5","Zz1","'272",'23");
filenanme=['.\case\case ' nunRstr(nt,'93.0f"') ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes

Rbar =si ngl e([ 21, Z2, ones(N*T, 1)]);

for obs=1:1:1000 %4000 experinents for each conbinati on of (nt,rho)
di sp([" Observation: ' nun@str(obs)]);

y=si ngl e(datos(1,0bs).Y(:,1)); %lependent var
Y=si ngl e(dat os(1, obs).Y(:,2)); %ndogenous var
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fry. L.

(obs ' %t. Of

fr). ..

(obs ' %. Of

Rwave=[Y, X1, X2, X3]; %q. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rnave, 2);

filenane=['.\esti_eqllesti _eql ' nun2str(nt, ' 9%3.0f") ' ' nunmstr(rho, ' %3. 0¥

‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstr¥
)1
| oad(fil enane, ' rdoeql');
filenane=['.\eql alter\esti_eql ' num2str(nt, 9%3.0f") " " nunmRstr(rho,' ¥3. 0«

‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstrv
)1

| oad(fil ename, ' redo');

Met hod 27,28: GSPD _Std_alter 3rd Step

%gener at es pseudo-effects (stored in 27)

t het aFESt d=r doeq1(2). coef (1:4,1);

t het aBESt d=r doeq1(4) . coef (5:7,1);

MiHat =Prmu* y- Pnu* Rnave* t het aFESt d- Rbar *t het aBESt d;
rdoeql(27).resi=MiHat;

%estimation (stored in 28)
Rf ul | =si ngl e([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat]); % ul|l dataset, includinge

athe original vars. plus the estimted Fixed Effects

K=si ze(Rful I, 2);

% Coefficients: stored in colum 1
thetaStd=inv(Rful | " *Rful | )*Rful | ' *vy;
resi=y-Rful | *t hetaSt d;

% GW covar.: stored in colum 2

si gmaGWME(resi ' *resi )/ (N*T-K);
OregaGWWVEsi gmaGUMFi nv(Rful | " *Rful 1) ;
st der GWkdi ag( OregaGW) . *0. 5;
clear('sigmaGW , ' OregaGWM ) ;

% BK covar.: stored in colum 3
E=reshape(resi,T,N); %arrange the set of residuals
si gmaBK=kron((E *E)./(T-K), eye(T)); %eck & Katz (1995) covariance matrix fore

etche period.

OregaBK=i nv(Rful I " *Rful I )*(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful | );
st der BK=di ag( OnegaBK) . 70. 5;
clear('E ,"'signmaBK' ,"' OnegaBK');

% store coefficients and standard errors (3 col ums)

rdoeql(28).coef=[thetaStd, stder GW st der BK];

rdoeql(28).resi=resi;

clear('resi',"thetaFEStd','thetaBEStd',' MuHat','Rfull"', ...
"thetaStd' ,'stderGW , ' stderBK');
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O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 29, 30: G3SPD _Corn_alter 3rd Step
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%gener at es pseudo-effects (stored in 29)
rdoeqgl(29).resi=redo(3).resi;
% store coefficients and standard errors (3 colums) (stored in 30)
rdoeql(30).coef=[redo(4).coef(:,1:2),NaN(8,4),redo(4).coef(:,3),NaN(8,1)];
rdoeqgl(30).resi=redo(4).resi;
0/;:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 31, 32: GSPD HTM alter 3rd Step
(yF:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%gener at es pseudo-effects (stored in 31)

t het aFEBal =r doeq1(3). coef (1:4,1);

t het aBEHTM=r doeq1( 6) . coef (5: 7, 1) ;

MuHat =Prmu*y- Pnu* Rnvave* t het aFEBal - Rbar *t het aBEHTM
rdoeql(31).resi =MuHat;

%estimation (stored in 32)

Rf ul I =si ngl e([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat]); % ull dataset, including¥
athe original vars. plus the estimated Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3, ones(N*T, 1), MuHat ] ; %et of instrunents

RCi nvCC=Rful | ' *C*inv(C *C);

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aHTM=i nv(RCi nvCC*C *Rf ul | ) *RGi nvCC*C *vy;
resi =y-Rful | *t het aHTM

% GWM covar.: stored in colum 2

si gmaGWME(resi ' *resi )/ (N*T-K);
OregaGWEsi gmaGIWFi nv( RCi nvCC*C *Rful | );
st der GWEdi ag( OregaGwW) . 70. 5;
clear('sigmaGW , ' OregaGW ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covariancev
mat f or each tine period.

OregaBK=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaBK*RC nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . 70. 5;

clear('E ,"'signmaBK' ,"' OnegaBK');

% store coefficients and standard errors (3 col ums)

rdoeql(32).coef=[thetaHTM st der GV NaN( 8, 4), st der BK, NaN(8, 1) ];

rdoeql(32).resi=resi;

clear('resi',"thetaHTM ,'stderGW , 'stderBK ,'C ,"'RC nvCC ,...
"thetaFEBal ', 'thetaBEHTM ) ;
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%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% Save results

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
filenane=["'.\esti_eqllesti _eql ' nun@str(nt,  %3.0f") ' ' nunstr(rho, ' %3. 0¥

fry...

‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstre
(obs "9%t.0f")];
save(fil ename, ' rdoeql');
disp([filenane ' guardado. Continuar...']);
clear('rdoeql','redo");

end
toc
end
end
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% Functi on ESTI MAEQL ALTER V4
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeql_alter_v4

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) ' ="' nunm@str(T)]);
d| Sp( ! oo ——————————————————————=' )'

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) % eleven rho (sigmanu/signmaepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt, ' %3.0f") ' ' numstr(rho, ' ¥3.0f")];
| oad(filenane, ' X1','X2',"X3","'X4","'X5","Zz1","'Z72",'23");
filenanme=["'.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=singl e(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

Rbar =si ngl e([ Z1, Z2, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

for obs=1:1:1000 %4000 experinents for each conbinati on of (nt,rho)
di sp(["' bservation: ' nunRstr(obs)]);
y=si ngl e(dat os(1,0bs).Y(:,1)); %lependent var.
Y=si ngl e(dat os(1, obs).Y(:,2)); %ndogenous var.
Rwave=si ngl e([Y, X1, X2, X3]);
Kwave=si ze( Rwave, 2);

filename=["'.\esti_eqgl\esti_eql ' numstr(nt,'%3.0f") '_' numstr(rho,' %3. 0«
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fry...
‘\esti _eql ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstre
(obs "9%t. 0f")];

| oad(fil enane, ' rdoeql');
% Met hod 30: G3SPD Corn_alter 3rd Step
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

MuHat =r doeq1(29).resi;

Rful | =si ngl e([Y, X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat]); % ull dataset, includingy¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,0ones(N*T, 1), MuHat]; % et of instrunents

PC=Ctinv(C *C) *C ;

K=si ze(Rful |, 2);

% obt ain residuals and V

resi 1=squeeze(rdoeql(30).resi);

resi 2=squeeze(rdoeql(3).resi);

resi 3=(Pmu* Rnave*squeeze(rdoeql(3).coef(1l:4,1))+MiHat)/T;
resi=[resil,resi2, resi3]; %esiduals (OLS 3rd step, Wthin, ~between)
dof 1=N*T- K;

dof 2=N*(T- 1) - Knave;

dof 3=(N*T- (K-1));

dof =[ dof 1, dof 1, dof 1;
dof 1, dof 2, dof 2;
dof 1, dof 2, dof 3] ;
V=(resi'*resi)./dof;
clear('resil','resi2','resi3 ,"'resi', "dof");
%obtain S
QRwavebar =eye( N*T) - Pnu* Rwave*i nv( Rwave' * Pnu* Rwave) * Rnave' * Pnu;
Sl=eye(N*T);

S2=Pmu* Rwave*i nv( Rwave' * Qru* Rnave) * Rnave' * Qmu;
S3=Rbar *i nv( Rbar' * QRwavebar * Rbar ) * Rbar ' * QRwavebar ;
S=[S1 S2 S3];

clear('S1',"'S2',"'S3"," QRwavebar');

%obt ai n Si gna

si gnmaAdj OLS=S*kron(V, eye(NT))*S';

OnegaAdj OLS=inv(Rful | " *PC*Rful I ) *(Rful | ' *PC*si gnaAdj OLS*PC*Rf ul | ) *i nve
(RFGPC*Rful I);

clear('V ,"'S ,'signaAdj OLS");

st der new=di ag( OregaAdj OLS) . *0. 5; %ew std. errors

rdoeql(30).coef(:,9)=stdernew, %tore new std. errors in colum 9

577 ettt

% Save results

577 et
filenane=['.\esti_eqllesti _eql ' nunRstr(nt, ' 9%3.0f") ' ' nun2str(rho, ' %3. 0¥

fry..

‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstrv
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(obs "9%t. 0f")];

save(fil enane, ' rdoeql');
disp([filenane ' guardado. Continuar...']);
clear('rdoeql','redo");

end

toc

end
end
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% Functi on ESTI MAEQ2_V1
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzi ni

function estimeq2_vl

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

D=si ngl e(kron(eye(N),ones(1, T)*(1/T))); %Weduce matrix fromNT*1 to N1

for rho=1:1:size(rhocases, 1) %eleven rho (rhonu/rhoepsilon) coefficients

oL o )

di sp([’ Rho= ' nunRstr(rho)]);

disp( " e ")

tic

clear (" X1',"X2'," X3 ,"'X4","X5',"zZ1','z2" ,"Z3" ,"'mul',"'mu2', ' datos', 'correl');
filenane=[".\base\base ' nunstr(nt,' %3.0f") ' ' nunm2str(rho,  %3.0f")];
load(fil enane, ' X1',"' X2',"' X3","'X4", "' X5',"'z1","z2","Z3" , ' mul" ,' ' mu2");
filenanme=[".\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Zl); Z2=single(Z2); Z3=single(Z3); nul=single(nmul); nu2=single(m2);
%reate new folder for containing 1000 obs.

if exist(['.\eg2\esti _eq2 ' nun2str(nt, %3.0f") " " numstr(rho, %3.0f")], ' dir")w¢

mkdir(['.\eqg2\esti_eq2 ' nunm@str(nt, " %3.0f") ' ' nunstr(rho," %3.0f")]);
end

%oredeterm ned matri xes
R

Weeye(N*T) ;

P=eye(N*T);

Wvave=Qmu;

Rbar =[ Z1, Z3, ones(N*T, 1) ] ;

Kbar =si ze( Rbar, 2);

Wbar =Pnu;

A=Qru* ([ X1, X2, X3, X4, X5]); %within instrunents
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PA=A*i nv(A *A) *A";

B=Pru* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T, 1)]); %between instrunments

PB=B*i nv(B' *B) *B'

PAB=PA+PB; %projection matrix of instruments

BHT=Pnu*[ X1, X4, X2, X3, Z1, Z2, ones(N*T, 1)]; %between instrunents

i f rank(BHT) <si ze( BHT, 2) ; BHT=BHT(:, 1: rank(BHT)); end

PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

PABHT=PA+PBHT; %projection matrix of instrunents

BAMEPnu* [ SA([ X1, X4], N, T), SA([ X2, X3], N, T), Z1, Z2, ones(N*T, 1) ] ; %bet weenv
rosent s

i f rank(BAM <si ze( BAM 2) ; BAM=EBAM: , 1: rank( BAM ) ; end

PBAMEBAMF i nv( BAM * BAM * BAM ;

PABAMEPA+PBAM  %proj ection matrix of instrunents

BBVS=Pru* [ SA([ X1, X4] , N, T), SA([ X2, X3] , N, T), Z1, Z2, SA(Qmu* X5, N, T), ones(N*T, 1)]; %«
benwi nst rument s

i f rank(BBMS)<si ze( BBVS, 2) ; BBMS=BBMS(: , 1: rank( BBMS) ) ; end

PBBMS=BBMS* i nv( BBMS' * BBMS) * BBMS'

PABBMS=PA+PBBMS; %proj ection matrix of instrunents

for obs=1:1:1000 9000 experinments for each conbination of (nt,rho)
di sp([' Observation: ' nunRstr(obs)]);
y=si ngl e(dat os(1,0bs). Y(:,2));
Y=si ngl e(dat os(1, obs). Y(:,1));
R=[Y, X1, X4, X5, 71, 23, ones(N*T, 1)]; %Eq. 1, all regressors: Y, x3, z3 are¥

grdous
K=si ze(R, 2);
Rwave=[Y X1 X4 X5]; %eq. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
clear rdo
e e e e e e e e
%vet hod 1: OLS
e SR e e e e e e e e e e
[rdo.coef,rdo.resi,rdo.stats]=&QSLS(R, eye(NT), eye(N*T),y,N T);
rdoeqg2(1).coef=[rdo.coef(1,:); Wl
NaN(1, 2); %?2: enpty
rdo.coef(2,:); X1
NaN( 2, 2); X2, X3: enpty
rdo. coef (3,:); x4
rdo. coef (4,:); 9%x5
rdo. coef (5, :); %1
NaN( 1, 2); %2: enpty
rdo. coef (6, :); %3
NaN( 1, 2); %hi 1
rdo.coef (7,:); %phi 2
NaN( 2, 2)]; %rul, nu2: enpty
rdoeg2(1). resi=rdo.resi
rdoeg2(1).stats=rdo. stats;
e S e e e e e e e e e

%vet hod 2: FEStd
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[rdo. coef,

bet aFESt d=

rdoeq2(2).

rdoeq2(2).
rdoeq2(2).

[ rdo. coef,
rdoeq2(3).

rdoeq2(3).
rdoeq2(3).

[rdo. coef,
rdoeq2(4).

rdoeq2(4).
rdoeq2(4).

[ rdo. coef,
rdoeq2(5).

rdo. resi,rdo. stats] =&QSLS(Rwave, Qru, eye(N*T),y, N, T);
rdo(1).coef(:,1); %o be used in ECAM
coef =[rdo.coef (1,:); Wl

NaN( 1, 2); %y2: enpty

rdo.coef(2,:); 91

NaN( 2, 2); X2, X3: enpt y

rdo.coef (3,:); x4

rdo. coef (4,:); 9x5

NaN(7,2)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2:

resi =rdo. resi
st at s=rdo. stats;

rdo. resi,rdo. stats] =&SLS(Rwave, Qmu, PA y, N, T);
coef=[rdo.coef(1,:); W1l

NaN(1, 2); %2: enpty

rdo.coef(2,:); X1

NaN( 2, 2); 9X2, X3: enpty

rdo. coef (3,:); 9X4

rdo. coef (4,:); X5

NaN(7,2)]; %Z1, 72, Z3, phi 1, phi 2, mul, nu2:

resi =rdo. resi;
stats=rdo. stats

rdo. resi,rdo.stats] =&QSLS(R, Pmu, eye(N*T),y, N, T);
coef =[rdo. coef (1,:); Wl

NaN( 1, 2); %y2: enpty
rdo.coef(2,:); X1

NaN( 2, 2); X2, X3: enpty
rdo.coef (3,:); x4

rdo. coef (4,:); %x5

rdo. coef (5,:); %1

NaN( 1, 2); %2: enpty
rdo. coef (6,:); %3

NaN( 1, 2); %ohi 1
rdo.coef (7,:); %phi 2

NaN( 2, 2)]; %rul, nu2: enpty

resi =rdo. resi;
st at s=rdo. stats;

rdo.resi,rdo.stats] =&SLS(R, Pmu, PB,y, N, T);
coef=[rdo.coef(1,:); W1l
NaN(1, 2); %y2: enpty
rdo.coef(2,:); X1

enpty

enpty
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NaN( 2, 2); X2, X3: enpty
rdo. coef (3,:); x4

rdo. coef (4,:); 9%x5

rdo. coef (5, :); %1

NaN( 1, 2); %2: enpty

rdo. coef (6, :); %3

NaN(1, 2); %hi 1
rdo.coef (7,:); %phi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(5).resi=rdo.resi;
rdoeg2(5). stats=rdo. stats;

Y e e e e e e e S e e e
%vet hod 6: ECWH
Yr=======================S==S= =SS =SSSSSSSS ST SSSSSSSSSSSSSSISSSSSI===========
u=y-Rfinv(R *R)*R *y; %0LS residual s
sigmal=((u' *Qru*u)/(N*(T-1)))"0.5; %w thin" conmponent of variance
si gma2=((u' *Pmu*u)/N)~0.5; % between" conponent of variance
WAH=( 1/ si gmal) * Qmu+( 1/ si gma2) * Prmu; % onega(- 1/ 2)
[rdo.coef,rdo.resi,rdo.stats] =&QSLS(R, WAH, eye(N*T),y, N T);
rdoeq2(6).coef=[rdo.coef(1,:); %Wl
NaN( 1, 2); %2: enpty
rdo. coef (2,:); X1
NaN( 2, 2); X2, X3: enpty
rdo.coef (3,:); x4
rdo. coef (4,:); %x5
rdo. coef (5, :); %1
NaN(1, 2); W2: enpty
rdo. coef (6, :); %3
NaN( 1, 2); %phi 1
rdo.coef (7,:); %phi 2
NaN( 2, 2)]; %rul, nu2: enpty
rdoeq2(6).resi=rdo.resi;
rdoeq2(6).stats=rdo. stats;
e e e e e e
%vet hod 7: ECAmM
e e e e ES

al pha=nean(D*y) - nean( D* Rwave) *bet aFESt d; %onstant term

u=y- al pha*ones(N*T, 1) - Rnave*bet aFESt d; % esi duals of a LSDV regression
sigmal=((u" *Qru*u)/ (N*(T-1)))"0.5; %w thin" conponent of variance
sigma2=((u' *Pmu*u)/ N)~0.5; % between" conponent of variance

WAmM=( 1/ si gmal) *Qmu+( 1/ si gma2) *Pmu; Y%onega  (-1/2)
[rdo.coef,rdo.resi,rdo.stats]=&SLS(R WAm eye(N*T),y, N, T);
rdoeq2(7).coef=[rdo.coef(1,:); %1l

NaN( 1, 2); %W2: enpty
rdo. coef(2,:); X1

NaN( 2, 2); 9X2, X3: enpty
rdo. coef (3,:); 9X4

rdo. coef (4,:); 9X5

rdo. coef (5,:); il

NaN( 1, 2); %Z2: enpty
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rdo. coef (6,:); w3

NaN( 1, 2); %hi 1
rdo.coef (7,:); %ohi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(7).resi=rdo.resi;
rdoeq2(7).stats=rdo. stats;

B e e e
%vet hod 8: ECSA
e e LS
Yewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qrmu* Rwave) * Rnave' * Qru*y;
ewave=squeeze(rdoeq2(2).resi);
si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;
%ebar =Pnu*y- Pmu*R*i nv(R *Pnmu*R) *R *Pru*y;
ebar =squeeze(rdoeq2(4).resi);
si gma2=((ebar' *Prmu*ebar) /(N K- 1)) "0. 5;
WSA=(1/ si gmal) *Qmu+( 1/ si gnma2) * Pmu;
[rdo.coef,rdo.resi,rdo.stats]=&SLS(R W5A, eye(NT),y, N, T);
rdoeq2(8).coef=[rdo.coef(1,:); %1l
NaN( 1, 2); %W2: enpty
rdo. coef(2,:); X1
NaN( 2, 2); 9X2, X3: enpty
rdo. coef (3,:); 9X4
rdo. coef (4,:); 9X5
rdo. coef (5, :); w1
NaN(1, 2); 2. enpty
rdo. coef (6,:); %3
NaN(1, 2); %hi 1
rdo.coef (7,:); %ohi 2
NaN( 2, 2)]; %rul, nu2: enpty
rdoeq2(8).resi=rdo.resi
rdoeqg2(8).stats=rdo.stats
e e e e e e
%vet hod 9: ECCorn
e e S

Yewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qru* PA* Qru* Rwave) * Rwave' * Qmu* PA* Qru*y;
ewave=rdoeq2(3).resi; % aken from FEBa

si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;

%ebar =Pnu*y- Pmu* R*i nv( R * Pnu* PB* Pmu* R) *R' * Pnu* PB* Pru* y ;

ebar =r doeq2(5) .resi; % aken from BEBa

si gnma2=( (ebar' *Pnu*ebar)/ (N K- 1)) 0. 5;

WCor n=( 1/ si gmal) *Qmu+( 1/ si gna2) * Pmu;
[rdo.coef,rdo.resi,rdo.stats]=&SLS(R, WCor n, PAB,y, N, T) ;
rdoeq2(9).coef=[rdo.coef(1,:); %Wl

NaN( 1, 2); %W2: enpty
rdo. coef(2,:); X1

NaN( 2, 2); 9X2, X3: enpty
rdo. coef (3,:); 9X4

rdo. coef (4,:); 9X5

rdo. coef (5,:); il

NaN( 1, 2); %Z2: enpty
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rdo. coef (6,:); w3

NaN( 1, 2); %hi 1
rdo.coef (7,:); %ohi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(9).resi=rdo.resi;
rdoeq2(9).stats=rdo. stats;

0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 10: HTHT
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
ebar HT=Pmu*y- Pnu* R*i nv( R * Pmu* PBHT* Pnu* R) * R * Pru* PBHT* Pnu* y;
si gma2HT=( (ebar HT' * Pnu* ebar HT) / (N- K- 1) ) 20. 5;
VWHT=( 1/ si gnmal) * Qru+( 1/ si gna2HT) * Pnu;
[rdo. coef, rdo. resi,rdo. stats] =&QSLS(R, WHT, PABHT, y, N, T) ;
rdoeg2(10).coef=[rdo.coef(1,:); %Wl
NaN(1, 2); %2: enpty
rdo. coef (2,:); 9X1
NaN( 2, 2); 9X2, X3: enpty
rdo. coef (3,:); 9X4
rdo. coef (4,:); 9X5
rdo. coef (5,:); %1
NaN( 1, 2); %Z2: enpty
rdo. coef (6,:); %3
NaN(1, 2); %hi 1
rdo.coef (7,:); %ohi 2
NaN( 2, 2)]; %rul, nu2: enpty
rdoeg2(10).resi=rdo.resi;
rdoeg2(10). stats=rdo. stats;
Q== =——==———=————=———————————————————————————————————————————————————————————=
%kt hod 11: HTAM
T T T

ebar AMEPnu*y- Pnu* R*i nv( R * Pnu* PBAMF Pnu* R) * R * Pnu* PBAMF Pnu* y;
si gma2 AM=( (ebar AM * Pnu*ebar AM / (N- K- 1) ) 20. 5;

WAME( 1/ si gnal) * Qru+( 1/ si gna2AM * Pnu;

[rdo. coef, rdo. resi,rdo. stats] =&QSLS(R, WAM PABAM y, N, T) ;
rdoeqg2(11).coef=[rdo.coef(1,:); %Wl

NaN( 1, 2); %2: enpty
rdo.coef(2,:); 91

NaN( 2, 2); X2, X3: enpty
rdo.coef(3,:); 9xX4

rdo. coef (4,:); %5

rdo. coef (5,:); w1

NaN(1, 2); %2: enpty
rdo. coef (6,:); %3

NaN(1, 2); %ohi 1

rdo. coef (7,:); %hi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(11).resi=rdo.resi;
rdoeq2(11).stats=rdo. stats;
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bt &)

%vet hod 12: HTBMS

ebar BMS=Prmu*y- Pnu* R*i nv( R * Pnu* PBBM5* Pnu* R) * R * Pnu* PBBMB* Pnu* y ;
si gma2BMS=( ( ebar BMS' * Pnu* ebar BMS) / (N- K- 1)) ~0. 5;

WBMS=( 1/ si gmal) * Qru+( 1/ si gma2BMS) * Pnu;

[rdo. coef, rdo. resi,rdo. stats] =&SLS( R, WVBMS, PABBVS, y, N, T) ;
rdoeq2(12).coef=[rdo.coef(1,:); %Wl

NaN( 1, 2); %y2: enpty
rdo.coef(2,:); X1

NaN( 2, 2); X2, X3: enpty
rdo. coef (3,:); 9x4

rdo. coef (4, :); %5

rdo. coef (5, :); %1

NaN( 1, 2); %2: enpty
rdo. coef (6, :); %3

NaN(1, 2); %hi 1

rdo. coef (7,:); %ohi 2

NaN(2, 2)]; %rul, mu2: enpty

rdoeq2(12).resi=rdo.resi
rdoeq2(12).stats=rdo.stats;

% 1st st age
[rdo(1).coef,rdo(1l).resi,rdo(1l).stats] =GSLS(Rwave, Qru, eye(N*T),y, N, T);
rdoeqg2(13).coef=[rdo(1l).coef(1,:); W1l

NaN( 1, 2); %y2: enpty

rdo(1).coef(2,:); X1

NaN( 2, 2); X2, X3: enpty

rdo(1).coef(3,:); x4

rdo(1).coef(4,:); 9%x5

NaN(7,2)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty

rdoeqg2(13).resi=rdo(1).resi
rdoeg2(13).stats=rdo(1l).stats;

% 2nd st age
uhat =Prmu*y- Prmu* Rnave*rdo(1). coef (:,1); %ector of nean residuals (dependent ¥

[rdo(2).coef,rdo(2).resi,rdo(2).stats] =&GSLS(Rbar, Pnu, eye(NT),uhat, N, T);
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar));

rdoeq2(14).coef=[ NaN(7, 2); %Wl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
NaN( 1, 2); %2: enpty
rdo(2).coef(2,:); %3
NaN( 1, 2); %ohi 1: enpty
rdo(2).coef(3,:); %phi 2
NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(14).resi=rdo(2).resi
rdoeg2(14).stats=rdo(2).stats;

% 3rd stage
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Rful I =[Y, X1, X4, X5, Z1, Z3,rdo(2).resi,ones(NT,1)]; % ull dataset, including¥
athe original vars. plus the estimted Fixed Effects
[rdo(3).coef,rdo(3).resi,rdo(3).stats]=GSLSM Rfull,eye(NT),eye(NT),y, N, ¥

m;
rdoeg2(15).coef=[rdo(3).coef(1,:); W1l
NaN( 1, 4); %2: enpty
rdo(3).coef(2,:); %1
NaN( 2, 4) ; X2, X3: enpty
rdo(3).coef(3,:); W4
rdo(3).coef(4,:); %5
rdo(3).coef(5,:); w1l
NaN( 1, 4); %2: enpty
rdo(3).coef(6,:); %3
NaN( 1, 4); %ohi 1: enpty
rdo(3).coef(8,:); %hi2
NaN( 1, 4); %mul: enpty
rdo(3).coef(7,:)]; %2
rdoeq2(15).resi=rdo(3).resi;
rdoeq2(15).stats=rdo(3).stats;
e S e e e
%vet hod 16, 17, 18: G3SPD_FECor nW
e S e e e e e e e
% 1st stage
[rdo(1).coef,rdo(1).resi,rdo(1l).stats] =GSLS(Rwave, Qu, PA y, N, T);
rdoeq2(16).coef=[rdo(1).coef(1,:); Wl
NaN( 1, 2); %y2: enpty
rdo(1).coef(2,:); X1
NaN( 2, 2); 92, X3: enpty
rdo(1).coef(3,:); x4
rdo(1).coef(4,:); 9%x5
NaN(7,2)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty
rdoeq2(16).resi=rdo(1).resi
rdoeg2(16).stats=rdo(1l).stats;
% 2nd st age
uhat =Prmu*y- Prmu* Rnave*rdo(1).coef (:,1); %mtrix of residuals (dependentw
abt )

[rdo(2).coef,rdo(2).resi,rdo(2).stats]=&SLS(Rbar, Pmu, PB, uhat, N, T);
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar));

rdoeq2(17).coef=[ NaN(7, 2); %Wl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); wil
NaN( 1, 2); %2: enpty
rdo(2).coef(2,:); %3
NaN( 1, 2); %ohi 1: enpty
rdo(2).coef(3,:); %phi 2
NaN( 2, 2)1; %rul, nu2: enpty

rdoeq2(17).resi=rdo(2).resi
rdoeg2(17).stats=rdo(2).stats;

% 3rd stage
Rful I =[Y, X1, X4, X5, Z1, Z3,rdo(2).resi,ones(N*T,1)]; % ull dataset, includinge
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athe original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdo(2).resi,ones(N*T, 1)]; %et of

PC=C*inv(C *C) *C ;
[rdo(3).coef,rdo(3).resi,rdo(3).stats]=QRSLSM Rful | ,eye(NT),PC y,N, T);

rdoeq2(18).coef=[rdo(3).coef(1,:); W1l
NaN( 1, 4); %2: enpty
rdo(3).coef(2,:); %1
NaN( 2, 4) ; X2, X3: enpty
rdo(3).coef(3,:); W4
rdo(3).coef(4,:); %5
rdo(3).coef(5,:); w1l
NaN( 1, 4); %2: enpty
rdo(3).coef(6,:); %3
NaN( 1, 4); %ohi 1: enpty
rdo(3).coef(8,:); %hi2
NaN(1, 4); %rul: enpty
rdo(3).coef(7,:)]; %2

instrunents

rdoeq2(18).resi=rdo(3).resi;
rdoeq2(18).stats=rdo(3).stats;

e e

%vet hod 19, 20: G3SPD_HTHT
YF===========SS=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSSS===S==s=

% 1st stage

%results are identical to Method 16

% 2nd st age

uhat =Prmu*y- Prmu* Rnave*r do(1).coef (:,1); %mtrix of residuals (dependent¥
abt )

[rdo(2).coef,rdo(2).resi,rdo(2).stats]=&SLS(Rbar, Pmu, PBHT, uhat, N, T);
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar));
rdoeq2(19).coef=[ NaN(7,2); Wi, y2, X1, X2, X3, X4, X5: enpty

rdo(2).coef(1,:); w1

NaN( 1, 2); %2: enpty
rdo(2).coef(2,:); w3

NaN( 1, 2) ; %hi 1. enpty
rdo(2).coef(3,:); %ohi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(19).resi=rdo(2).resi
rdoeg2(19).stats=rdo(2).stats;

% 3rd stage

Rful I =[Y, X1, X4, X5, Z1, Z3,rdo(2).resi,ones(NT,1)]; % ull dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,rdo(2).resi,ones(NT,1)]; %et of instrunents

PC=C*inv(C *C) *C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=QRSLSM Rful |, eye(NT),PC y,N, T);

rdoeq2(20).coef=[rdo(3).coef(1,:); Wl

NaN( 1, 4); %2: enpty
rdo(3).coef(2,:); %1
NaN( 2, 4) ; 92, X3: enpty

rdo(3).coef(3,:); W4



Ceyb\ Progr ans\ esti naeq2_v1. m

10 of 12

rdo(3).coef(4,:); %5
rdo(3).coef(5,:); w1l

NaN( 1, 4); %2: enpty
rdo(3).coef(6,:); %3

NaN( 1, 4); %ohi 1: enpty
rdo(3).coef(8,:); %hi2

NaN( 1, 4); %rul: enpty
rdo(3).coef(7,:)]; %ru2

rdoeg2(20).resi=rdo(3).resi
rdoeqg2(20).stats=rdo(3).stats;

S e e e e

%vet hod 21, 22: G3SPD_HTAM
e e e e e e

% 1st stage

%results are identical to Method 16

% 2nd st age

uhat =Prmu*y- Pnu* Rwave*rdo(1).coef (:,1); %mtrix of residuals (dependent¥
abt )

[rdo(2).coef,rdo(2).resi,rdo(2).stats]=GSLS(Rbar, Pmu, PBAM uhat, N, T);
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar));
rdoeq2(21).coef=[ NaN(7, 2); Wl,y2, X1, X2, X3, X4, X5: enpty

rdo(2).coef(1,:); %1

NaN( 1, 2); %2: enpty
rdo(2).coef(2,:); %3

NaN( 1, 2); %ohi 1: enpty
rdo(2).coef(3,:); Y%phi 2

NaN( 2, 2)1; %rul, mu2: enpty

rdoeq2(21).resi=rdo(2).resi;
rdoeq2(21).stats=rdo(2).stats

% 3rd stage

Rful I =[Y, X1, X4, X5, Z1, Z3,rdo(2).resi,ones(NT,1)]; % ull dataset, including¥
athe original vars. plus the estinmted Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdo(2).resi,ones(N*T, 1)]; %et of instrunents

PC=C*inv(C *CQ) *C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=&QRSLSM Rful |, eye(N*T),PC y,N, T);

rdoeq2(22).coef=[rdo(3).coef(1,:); W1l

NaN( 1, 4); %y2: enpty
rdo(3).coef(2,:); %1
NaN( 2, 4) ; X2, X3: enpty

rdo(3).coef(3,:); W4
rdo(3).coef(4,:); %5
rdo(3).coef(5,:); w1l

NaN( 1, 4); %2: enpty
rdo(3).coef(6,:); %3

NaN( 1, 4); %ohi 1. enpty
rdo(3).coef(8,:); %hi2

NaN( 1, 4); %mul: enpty
rdo(3).coef(7,:)]; %2

rdoeg2(22).resi=rdo(3).resi
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rdoeq2(22).stats=rdo(3).stats

Ofe—=—=—======—==—=——=—==-——=-———=-————-—=—-————-—--————-—--—-—-———-———-—————-——-——====—====

%vet hod 23, 24: G3SPD_HTBMSW
Ofe==—=—======—==—=——=—=————=-———=-—————=-———-————-———-—————-——=-—-——-—————-———-—————-———-——=———=—====

% 1st stage

%results are identical to Method 16

% 2nd st age

uhat =Prmu*y- Prmu* Rnave*rdo(1).coef (:,1); %mtrix of residuals (dependentw
abt )

[rdo(2).coef,rdo(2).resi,rdo(2).stats]=GSLS(Rbar, Pmu, PBBVMS, uhat , N, T) ;
rdo(2).coef(:,2)=rdo(2).coef(:,2)*((NT-Kbar)/(N-Kbar));

rdoeqg2(23).coef=[ NaN(7, 2); Wl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
NaN( 1, 2); %2: enpty
rdo(2).coef(2,:); %3
NaN( 1, 2); %ohi 1: enpty
rdo(2).coef(3,:); %phi 2
NaN( 2, 2)]; %rul, nu2: enpty

rdoeq2(23).resi=rdo(2).resi;
rdoeq2(23).stats=rdo(2).stats;

% 3rd stage

Rful | =[Y, X1, X4, X5, 71, 23, rdo(2) .resi,ones(N*T, 1)]; % ull dataset, including¥
athe original vars. plus the estimated Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72,73,rdo(2).resi,ones(NT,1)]; %et of instrunents

PC=C*inv(C *Q)*C ;

[rdo(3).coef,rdo(3).resi,rdo(3).stats] =&SLSM Rful|l,eye(NT),PC y,NT);

rdoeq2(24).coef=[rdo(3).coef(1,:); %1l

NaN( 1, 4); %W2: enpty
rdo(3).coef(2,:); %1
NaN( 2, 4) ; X2, X3: enpty

rdo(3).coef(3,:); %4
rdo(3).coef(4,:); %5
rdo(3).coef(5,:); w1l

NaN(1, 4); W2: enpty
rdo(3).coef(6,:); %3

NaN( 1, 4); %ohi 1: enpty
rdo(3).coef(8,:); %hi2

NaN( 1, 4); %rul: enpty

rdo(3).coef(7,:)]; %ru2
rdoeq2(24).resi=rdo(3).resi
rdoeqg2(24).stats=rdo(3).stats;

% Save results
filenane=['.\eqg2\esti _eq2 ' nunmRstr(nt,'%3.0f") ' ' nunRstr(rho,"' %3.0f")...
‘\esti _eg2 ' nun@str(nt,' ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstre
(obs " 9%t.0f")];
save(fil ename, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
clear('rdoeq2');
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end
toc
end
end
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% Functi on ESTI MAEQ2_ V2
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzi ni

function estinmeq2_v2

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

D=si ngl e(kron(eye(N),ones(1, T)*(1/T))); %Weduce matrix fromNT*1 to N1

for rho=1:1:size(rhocases,1) % eleven rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nunRstr(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear(' X1 ,"X2","X3","'"X4" ,"'X5","'z1',"'Z2","Z3" ,"'mul"',' ' nu2',"'datos', 'correl');

filenane=['.\base\base ' nunstr(nt,' %3.0f") ' ' nunmstr(rho,  ¥3.0f")];
|l oad(fil enanme, ' X1',' X2',"'X3","'X4',"X5","z1',"22","Z3" ,"mul", ' nu2');
filenanme=["'.\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1l); Z2=single(Z2); Z3=single(Z3); nul=single(nmul); nu2=single(nm2);

%redeterm ned matri xes

% ----- - - -

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

A=Qmu* ([ X1, X2, X3, X4, X5]); %within instrunents

PA=A*i nv(A *A) *A'";

B=Prmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T,1)]); %Ybetween instrunments
PB=B*i nv(B' *B) *B' ;

PAB=PA+PB; %projection matrix of instrunments

BHT=Pnu*[ X1, X4, X2, X3, Z1, Z2,0ones(N*T, 1)]; %between instrunments
i f rank(BHT) <si ze(BHT, 2); BHT=BHT(:, 1: rank( BHT) ) ; end

PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

PABHT=PA+PBHT; %projection matrix of instrunents
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i nvZPZ=i nv(Rbar' *Pnu*Rbar); % this matrix is the sane for
obaei ons and all nethods!!

PZ_i nvZPZ_ZP=Pru* Rbar *i nvZPZ*Rbar' *Pnu; % this matrix is the sanme for

10Bservations and all nethods!!

all 100«

for obs=1:1:1000 %000 experinments for each conbination of (nt,rho)

disp([’ oservation: ' nun2str(obs)]);

y=si ngl e(dat os(1, obs). Y(:,2));

Y=si ngl e(dat os(1,o0bs). Y(:,1));

R=[Y, X1, X4, X5, Z1, Z3, ones(N*T, 1)]; %q. 1, all regressors:
gedous

K=si ze(R, 2);

Y, x3, z3 arev

Rwave=[Y X1 X4 X5]; %q. 1, all regressors: Y, x3, z3 are endogenous

Kwave=si ze( Rnave, 2);
%open data for the observation

al l v

filenane=['.\eqg2\esti _eq2 ' nunmRstr(nt,'9%3.0f") ' ' nun@str(rho,' %3. 0f")
‘\esti _eqg2 ' nun2str(nt, ' %3.0f") ' ' nunstr(rho,"' %3.0f") nungstr ¥
(obs "9%t. 0f')];
| oad(fil enane, ' rdoeq2');
R e e e e e e e P e e e
%vet hod 13, 14, 15: G3SPD _FEStd
R e e e e e
% 2nd stage: reestinacion varianza conmun (aj uste de dof)
resi 2=squeeze(rdoeq2(14).resi); % esiduals 2nd stage
vari 2=(resi2' *resi 2)/ (N-size(Rbar, 2));
st der new=di ag(vari 2*i nvZPZ) . ~0. 5;
rdoeq2(14).coef(:,2)=[ NaN7,1); Wl,y2, X1, X2, X3, X4, X5: enpty
stdernew(1,:); %1
NaN( 1, 1) ; W2: enpty
stdernew( 2, :); %3
NaN( 1, 1); %ohi 1: enpty
stdernew(3,:); %ohi 2
NaN(2,1)]; %rul, nu2: enpty

% 3rd stage: varianza Miurphy & Topel (1985)
Rful | =[Y, X1, X4, X5, 71, Z3, resi 2, ones(N*T, 1)]; % ul | dataset,
onaf vars. plus the estimted Fixed Effects
resi 3=squeeze(rdoeq2(15).resi);
vari 3=(resi 3" *resi 3)/ (NT-si ze(Rfull, 2));
i nVWV WEi nv(Rful 1" *Rful I)*Rful | *;
partel=vari3*inv(Rfull'*Rfull);
conpl=(squeeze(rdoeq2(15). coef (14, 1))"2)*vari 2;
parte2=conpl*i nvWWN W PZ_i nvZPZ_ZP*i nv\WN W ;
conp2=2*squeeze(rdoeq2(15).coef(14,1));
conmp3=resi 3*resi 2';
part e3=conp2*i nvWNV W conp3*PZ_i nvZPZ_ZP*i nv\WN W ;
st der MI=di ag(partel+parte2+parte3d)."0.5;
rdoeg2(15).coef(:,5)=[stderMr(1,:); %l
NaN(1, 1); %y2: enpty
stderMr(2,:); w1
NaN( 2, 1) ; X2, X3: enpty

i ncl udi ng al

thew
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stder Mr(3,:); %4
stderMr(4,:); %5
stder Mr(5,:); w1
NaN(1, 1); %2: enpty
stder Mr(6,:); %3
NaN(1, 1); %hi 1. enpty
stder MI(8,:); %hi?2
NaN(1, 1); %rul: enpty
stder MT(7,:)]; %2

onay vars.

% 2nd st age:

resi 2=squeeze(rdoeq2(17).resi);

vari 2=(resi2'*resi 2)/ (N-si ze(Rbar, 2));
st der new=di ag(vari 2*i nvZPzZ) . *0. 5;

rdoeq2(17).coef(:,2) =]

% 3rd stage:

Rful I =[Y, X1, X4, X5, Z1, Z3, resi 2, ones(N*T, 1) ] ;

plus the estinmted Fixed Effects
resi 3=squeeze(rdoeq2(18).resi);
vari 3=(resi 3" *resi 3)/ (N*T-si ze(Rfull, 2));
i nVWNV WEI nv(Rful I *Rful I)*Rful | *;
partel=vari3*inv(Rfull'*Rful l);
compl=(squeeze(rdoeq2(18).coef(14,1))"2)*vari 2;
parte2=conpl*i nv\WW W PZ_i nvZPZ_ZP*i nv\WV W ;
conp2=2*squeeze(rdoeq2(18).coef(14,1));

conp3=resi 3*resi 2';

reestimaci on vari anza comun (aj uste de dof)
% esi dual s 2nd stage

parte3=conmp2*i nvWWV W conp3*PZ_i nvZPZ_ZP*i nv\WN W ;
st der MI=di ag(partel+parte2+parte3d)."0.5;

rdoeq2(18).coef(:,5)=[stderMr(1,:);

NaN( 7, 1); yl,y2, X1, X2, X3, X4, X5:
stdernew(1, :); %1
NaN( 1, 1); %2: enpty
stdernew(2,:); %3
NaN(1, 1); %ohi 1: enpty
stdernew(3,:); %hi 2
NaN(2,1)1; %rul, nu2: enpty
varianza Miurphy & Topel (1985)
% ul | dataset,
%yl
NaN(1, 1); %y2: enpty
stderMr(2,:); w1
NaN( 2, 1) ; X2, X3: enpty
stder Mr(3,:); %4
stderMr(4,:); %5
stder Mr(5,:); w1l
NaN(1, 1); %2: enpty
stder Mr(6,:); %3
NaN(1, 1); %ohi 1: enpty
stderMr(8,:); %hi2
NaN(1, 1); %mul: enpty
stderMr(7,:)]; %2

enpty

i ncluding all

t her
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% 2nd stage: reestimacion varianza comun (aj uste de dof)
resi 2=squeeze(rdoeq2(19).resi); %esiduals 2nd stage
vari 2=(resi 2' *resi 2)/ (N si ze(Rbar, 2));

st der new=di ag(vari 2*i nvzZPzZ) . 0. 5;

rdoeq2(19).coef(:,2)=[ NaN(7,1); Wyl,y2, X1, X2, X3, X4, X5: enpty
stdernew(l,:); %1
NaN( 1, 1); %2: enpty
stdernew( 2, :); %3
NaN( 1, 1); %ohi 1: enpty
stdernew(3,:); %phi 2
NaN(2, 1) ]; %rul, nu2: enpty

% 3rd stage: varianza Miurphy & Topel (1985)

Rful | =[Y, X1, X4, X5, Z1, Z3,resi 2, ones(N*T,1)]; %ull dataset, including all thewv
onay vars. plus the estimated Fi xed Effects

resi 3=squeeze(rdoeq2(20).resi);

vari 3=(resi 3" *resi 3)/ (NT-si ze(Rfull, 2));

i nVWVWEinv(Rful | " *Rful I)*Rful | '

partel=vari3*inv(Rfull'*Rfull);

compl=(squeeze(rdoeq2(20).coef(14,1))"2)*vari 2;

part e2=conmpl*i nvWW W PZ_i nvZPZ_ZP*i nv\WWNV W ;

comp2=2*squeeze(rdoeq2(20). coef (14,1));

conp3=resi 3*resi 2';

part e3=conmp2*i nvWWV W conp3*PZ_i nvZPZ_ZP*i nvWN W ;

st der MT=di ag( partel+parte2+parte3).”0.5;

rdoeq2(20).coef(:,5)=[stderMr(1,:); W1l

NaN( 1, 1); %W2: enpty
stderMr(2,:); %1
NaN( 2, 1); X2, X3: enpty

stder Mr(3,:); %4
stderMr(4,:); %5
stder Mr(5,:); w1

NaN(1, 1); %2: enpty
stder Mr(6,:); %3

NaN(1, 1); %ohi 1. enpty
stder MI(8,:); %hi?2

NaN(1, 1); %rul: enpty

stder Mr(7,:)]; %2

% Save results
filenane=['.\eqg2\esti _eq2 ' nunmRstr(nt,'9%3.0f") ' ' nunRstr(rho,' %3. 0f")
‘\esti _eqg2 ' nun2str(nt,' ' %3.0f") ' ' nun2str(rho,'%3.0f") ' ' nunRstr¥
(obs "%t 0f')];
save(fil ename, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
clear('rdoeq2');

end
toc
end
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end
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% Functi on ESTI MAEQ2_V3
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzi ni

function estimeq2_v3

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %up to 9 conmbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('zZMi");

for rho=1:1:size(rhocases,1) %eleven rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear (' X1',"X2',"X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[".\base\base ' nunstr(nt,' %3.0f") ' ' nunm2str(rho,  ¥3.0f")];
load(fil enanme, ' X1','X2'," X3","'X4',"'X5',"'z1',"'22","'2723");
filenane=[".\case\case ' nunRstr(nt, ' %3.0f") ' ' num2str(rho,  %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Zl); Z2=single(Z2); Z3=single(Z3);

for obs=1:1:1000 9000 experinments for each conbination of (nt,rho)
disp([" bservation: ' nunRstr(obs)]);
y=si ngl e(dat os(1, obs). Y(:, 2));
Y=si ngl e(dat os(1, 0obs). Y(:,1));
R=[Y, X1, X4, X5, 71, Z3, ones(N*T, 1)]; %:q. 1, all regressors: Y, x3, z3 arex
gedous
Rwvave=[Y X1 X4 X5]; %:q. 1, all regressors: Y, x3, z3 are endogenous
i nvXQX=i nv( Rwave' * Qru* Rwave) ;
i nvRPR=i nv(R *Pnu*R) ;
%open data for the observation
filenane=['.\eqg2\esti _eq2 ' nunmRstr(nt,'%3.0f") ' ' nunRstr(rho,' %3. 0f ")
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstre
(obs "9%t. 0f')];
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| oad(fil enane, ' rdoeq2');

%vet hod 2: FEStd

% reesti maci on varianza conun (ajuste de dof)

resi =squeeze(rdoeq2(2).resi);

% esi dual s

vari =(resi'*resi)/ (N(T-1)-size(Rwave, 2));

st der new=di ag(vari *i nvXQX). 0. 5;

rdoeq2(2).coef(:,2)=[stdernew(l,:);
NaN( 1, 1);
stdernew(2,:);
NaN( 2, 1) ;
stdernew(3,:);
stdernew( 4, :);
NaN(7,1)];

%mew std.

errors
%y2: enpty
X1

9%X2, X3: enpty
9X4

95

%1, Z2, Z3, phi 1, phi 2, nul, nu2:

% reestimaci on varianza conmun (aj uste de dof)

resi =squeeze(rdoeq2(3).resi);

% esi dual s

vari=(resi'*resi)/(N(T-1)-size(Rwnave, 2));

st der new=di ag(vari *i nvXQX) . 70. 5;

rdoeq2(3).coef(:,2)=[stdernew(l,:);
NaN(1, 1);
stdernew 2, :);
NaN( 2, 1);
stdernew(3,:);
stdernew( 4, :);
NaN(7,1)];

o%mew std.

errors
%y2: enpty
X1

9%X2, X3: enpty
X4

9%X5

%1, Z2, Z3, phi 1, phi 2, nul, nu2:

% reesti maci on varianza conmun (ajuste de dof)

resi =squeeze(rdoeq2(4).resi);
vari =(resi'*resi)/ (N-size(R 2));
st der new=di ag(vari *i nvRPR) . *0. 5;
rdoeq2(4).coef(:,2)=[stdernew(l,:);
NaN( 1, 1);
stdernew( 2, :);
NaN(2, 1) ;
stdernew3,:);
stdernew( 4, :);
stdernew(5, :);
NaN(1, 1);
stdernew( 6, :);
NaN(1, 1);
stdernewm(7,:);
NaN( 2, 1)];

% esi dual s

%mew std.

errors

Uy 2:
X1
X2, X3:
9X4
9%X5
%1
UZ2:
%3
%ohi 1
%phi 2
%rul, nu2:

enpty

enpty

enpty

enpty

enpty

enpty
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% reestinmaci on varianza comun (aj uste de dof)

resi =squeeze(rdoeq2(5).resi); % esiduals

vari =(resi'*resi)/ (N-size(R 2));

st der new=di ag(vari *i nvRPR). 0. 5; %ew std. errors
rdoeg2(5).coef (:,2)=[stdernew(l,:); %Wl

NaN(1, 1); %2: enpty
stdernew 2, :); X1

NaN( 2, 1) ; X2, X3: enpty
stdernew(3,:); 9xX4

stdernew( 4, :); 95
stdernew(5, :); w1

NaN(1, 1); %2: enpty
stdernew( 6, :); w3

NaN( 1, 1); %hi 1
stdernew(7,:); %ohi 2
NaN(2,1)]; %rul, mu2: enpty

% 1st stage: reestimacion varianza comun (aj uste de dof)

resi =squeeze(rdoeq2(13).resi);

% esi dual s

vari=(resi'*resi)/ (N(T-1)-size(Rwnave, 2));

st der new=di ag(vari *i nvXQx) . "0. 5;

rdoeq2(13).coef(:,2)=[stdernew(l,:);

Omew std. errors

NaN( 1, 1); %2: enpty
stdernew 2, :); 91

NaN( 2, 1) ; X2, X3: enpt y
stdernew(3,:); x4
stdernew( 4, :); 9X5

NaN(7,1)];

%1, Z2, Z3, phi 1, phi 2, nul, nu2:

% 1st stage: reestinmacion varianza conmun (aj uste de dof)

resi =squeeze(rdoeq2(16).resi);

% esi dual s

vari=(resi'*resi)/(N(T-1)-size(Rwnave, 2));

st der new=di ag(vari *i nvXQXx) . 0. 5;

rdoeq2(16).coef(:,2)=[stdernew(l,:);

% Save results

%mew std. errors

NaN(1, 1); %2: enpty
stdernew 2, :); X1

NaN( 2, 1) ; 9X2, X3: enpty
stdernew 3, :); 9X4
stdernew( 4, :); 9X5

NaN(7,1)];

w1, Z2, Z3, phi 1, phi 2, nul, nu2:

enpty

enpt y
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filenane=['.\eqg2\esti_eq2 ' nun@str(nt,"'%3.0f") ' ' nun@str(rho,' %3. 0f ")

‘\esti _eqg2 ' nun@str(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstre
(obs "9%t. 0f")];

save(fil enane, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
cl ear (' rdoeqg2');
end
toc
end
end
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% Functi on ESTI MAEQ2_V4
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzin

function estimeq2_v4

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
clear('zZMi");

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/sigmaepsilon) coefficients

disp( " e ")
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ")
tic

% open files containing variables and convert to single
clear('X1',"X2","X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mMNewrE\ base\ base ' numRstr(nt,"%3.0f") * ' nunstr(rho," %
3.0f )1;

load(fil ename, ' X1',' X2',"' X3',"'X4","X5',"'z1","72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeterm ned matri xes
R

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

for obs=1:1:1000 %1000 experinents for each conmbinati on of (nt,rho)
disp([’ observation: ' nun2str(obs)]);
Y=si ngl e(dat os(1, obs). Y(:,1));

%pen data for the observation
filenane=[' C.\ D ego\Si mNewrE\ eq2\esti _eq2 ' nunRstr(nt,'93.0f"') ' ' numstry
(rho "98. 0f")
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‘\esti _eqg2 ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstr¥
(obs "9%t.0f")];
| oad(fil ename,

rdoeqg2');

Rful I =[Y, X1, X4, X5, Z1, Z3, rdoeq2(14) .resi,ones(NT,1)]; % ull dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects

PR=Rful I *inv(Rful Il " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rful |, 2);

% GWM covari ance matri x
si gma3rd=(rdoeq2(15).resi' *rdoeq2(15).resi)/ (NT-K);
onmegaGWEsi gma3rd*inv(Rful | ' *Rful | );

% WH- HC1: stored in colum 6

si gmaHCl=di ag((rdoeqg2(15).resi)."2);

omegaHCl=i nv(Rful I "*Rful I )*(Rful | ' *si gmaHC1*Rf ul I ) *i nv(Rful I ' *Rf ul | ) ;
st der HC1=di ag( onegaHC1) . ~0. 5;

clear('sigmaHCLl', "' onegaHCl');

% WH- HC2: stored in colum 7

si gmaHC2=di ag( ((rdoeg2(15).resi).”2)./(1-diag(PR)));

omegaHC2=i nv(Rful I " *Rful I )*(Rful | ' *si gmaHC2*Rf ul | ) *i nv(Rful I ' *Rful | ) ;
st der HC2=di ag( omegaHC2) . ~0. 5;

clear('sigmHC2',' onegaHC2');

% WH LE: stored in colum 8

epsi | onast =(rdoeq2(15).resi)./(1-diag(PR)); %psilon*

si gmaLE=di ag( (epsi | onast.”"2));

onegaLE=inv(Rful I " *Rful I )*(Rful | ' *si gmaLE*Rful [ ) *i nv(Rful | ' *Rful | ) ;
st der LE=di ag(onegalLE) . *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9

si gmaHC3=si gnaLE- (epsi | onast *epsi | onast');

onegaHC3=i nv(Rful I " *Rful ) *(Rful | ' *si gmaHC3*Rf ul I ) *i nv(Rful | " *Rf ul I') ;
st der HC3=di ag( onmegaHC3) . 0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,'onegaHC3');

% BK: stored in colum 10

E=r eshape(rdoeqg2(15).resi, T,N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matri xy¢
feach tinme period.

omegaBK=i nv(Rful I " *Rful I ) *(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful | );

st der BK=di ag( onegaBK) . 70. 5;

clear('E ,"'signmaBK' ,'onegaBK');

% MI' covariance matrix: stored in colum 11
si gma2nd=((rdoeq2(14).resi' *rdoeq2(14).resi))/ (N-Kbar);
Psi 1=onegaGvM



Cegb\ Progr ans\ esti maeq2_v4. m 3 of 5

Psi 2=(si gma2nd/ (si gma3rd”2))* Rfull'*. ..
Prmu* Rbar *i nv( Rbar ' *Pru* Rbar ) *Rbar ' *Pnu*Rf ul | ;
Psi 3=(1/ (sigma3rd”2))*(Rfull'*rdoeq2(15).resi)*...
(rdoeq2(14).resi' *Pru*Rbar *i nv(Rbar' *Pnu*Rbar) *Rbar' *Prru*Rf ul | ) ;
onmegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;
st der MI'=di ag( onegaMr) . ~0. 5;
clear('sigm3rd','sigma2nd',' omegaGW , ' Psil','Psi?2','Psi3" ,'onegaM);

% store standard errors
st der =[ st der HCL1, st der HC2, st der LE, st der HC3, st der BK, st der MT] ;

rdoeg2(15).coef(:,6:11)=] NaN( 1, 6) ; %1: enpty
stder(1,:); %y 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 6) ; 9%x4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 6) ; %3: enpty
stder(8,:); %hi 1
NaN( 1, 6) ; %ohi 2: enpty
stder(7,:); %rul
NaN( 1, 6)]; %ru2: enpty
% Y ===========SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoSSSo=SsDo==ss
% %vet hod 16, 17, 18: G3SPD_Corn
% Y ============-==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSo=Sss==ss

Rful I =[Y, X1, X4, X5, Z1, Z3, rdoeq2(17) .resi,ones(N*T,1)]; % ull dataset, ¥
udchg all the original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdoeq2(17).resi,ones(N*T, 1)]; %et of instrunents
RCi nvCC=Rful | ' *C*inv(C *C);
PR=Rful | *i nv(Rful " *Rful ' )*Rfull'; %projection natrix of the regressors

% WH- HC2: stored in colum 7

si gmaHC2=C *di ag(((rdoeq2(18).resi)."2)./(1-diag(PR)))*C,

omegaHC2=i nv(RG nvCC*C *Rf ul | ) *(RCi nvCC*si gmaHC2* RCi nvCC' ) *i nvk
OGRCC*C *Rful 1) ;

st der HC2=di ag( omegaHC2) . 0. 5;

clear (' sigmaHC2' , ' onegaHC2');

% WH- LE: stored in colum 8

epsi | onast =(rdoeq2(18).resi)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

onegalLE=i nv(RCi nvCC*C *Rful | ) * (RC nvCC*si gmaLE*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der LE=di ag( onegaLE). *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9
si gmaHC3=si gnaLE- (C *epsi |l onast *epsi | onast' *C) ;
onmegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
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ORCC*C *Rful 1) ;
st der HC3=di ag( omegaHC3) . 0. 5;
clear(' epsilonast','sigmlLE ,'sigmHC3' ,' onegaHC3');

% Shift BK and MI one colum to the right: stored in colums 10
% and 11
rdoeq2(18).coef(:,10:11) =rdoeq2(18). coef(:,9:10);

% store standard errors
st der=[ st der HC2, st der LE, st der HC3] ;

rdoeq2(18).coef(:,7:9) 7 NaN( 1, 3); %1: enpty
stder(1,:); Uy 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); %3
NaN( 2, 3) ; 9%X4, X5: enpty
stder(5,:); %1
stder (6, :); %2
NaN( 1, 3); %3: enpty
stder(8,:); %phi 1
NaN( 1, 3); %ohi 2: enpty
stder(7,:); %rul
NaN(1, 3)]; %ru2: enpty
% Y ============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoSSooSoooSsDoDoos
% %vet hod 19, 20: G3SPD_HTM
% Y ===============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSsSo=Ss===ss

Rful I =[Y, X1, X4, X5, Z1, Z3, rdoeq2(19) .resi,ones(N*T,1)]; % ull dataset, ¢
udchg all the original vars. plus the estimted Fixed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3,rdoeq2(19) . resi,ones(N*T, 1)]; %et of instrunents
RCi nvCC=Rful | ' *C*inv(C *C);
PR=Rful | *i nv(Rful I "*Rful ' )*Rfull'; %projection natrix of the regressors

% WH- HC2: stored in colum 7

si gmaHC2=C *di ag(((rdoeq2(20).resi)."2)./(1-diag(PR)))*C,

omegaHC2=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC2=di ag( omegaHC2) . 0. 5;

clear (' sigmaHC2' |, ' onegaHC2');

% WH LE: stored in colum 8

epsi | onast =(rdoeq2(20).resi)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

onegalLE=i nv(RCi nvCC*C *Rful | ) * (RC nvCC*si gmaLE*RCi nvCC ) *i nvi
ORCC*C *Rful 1) ;

st der LE=di ag( onegalLE). *0. 5;

cl ear (' onegalLE");

% WH- HC3: stored in columm 9

si gnmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

onmegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;
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st der HC3=di ag( omegaHC3) . 0. 5;
clear(' epsilonast','sigmlLE ,'sigmHC3' ,' onegaHC3');

% Shift BK and MI one colum to the right: stored in colums 10
% and 11
rdoeq2(20).coef(:,10:11) =rdoeq2(20). coef(:,9:10);

% store standard errors
st der=[ st der HC2, st der LE, st der HC3] ;

rdoeq2(20).coef(:,7:9) [ NaN( 1, 3); %1: enpty
stder(1,:); Uy 2
stder(2,:); 91
stder(3,:); 92
stder(4,:); 9X3
NaN( 2, 3) ; o%X4, X5: enpty
stder(5,:); %1
stder(6,:); %2
NaN( 1, 3); %3: enpty
stder(8,:); %ohi 1
NaN( 1, 3); %hi 2: enpty
stder(7,:); %rul
NaN( 1, 3)1; %ru2: enpty

% Save results

filenanme=[' C:\Di ego\Si mMNewFE\ eq2\esti _eq2_' nun@str(nt, ' %3.0f") ' _' nun@stre
(rho "98.0f")...

‘\esti_eq2 ' nunPstr(nt,' 9%3.0f") ' ' nun2str(rho," %3.0f") ' ' nunPstr¥¢

(obs "9%t.0f"')];

save(fil enane, 'rdoeq2');

di sp([filename ' guardado. Continuar..."']);

clear('rdoeq2');

end
toc
end
end
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% Functi on ESTI MAEQ2_V5
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzi ni

function estimeq2_v5

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

Zmu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( Zmu*i nv(Zmu' *Zmu) *Zmu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zm');

for rho=1:1:size(rhocases, 1) %eleven rho (sigmanu/sigmaepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nun2str(rho)]);

o1 Y o G ");
tic

% open files containing variables and convert to single
clear (' X1',"X2',"X3","'X4'","X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mNewrE\ base\ base ' numRstr(nt,"%3.0f") ' ' nunstr(rho," %«
3.0f )];

load(fil ename, ' X1',' X2'," X3',"'X4","X5',"'z1","'72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%or edeterm ned matri xes

R

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

A=si ngl e(Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv(A *A) *A";

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3,0nes(N*T, 1)])); Ybetween instrunents
PB=B*i nv(B' *B) *B';

PAB=PA+PB; %projection matrix of instrunents

BHT=si ngl e( Pmu*[ X1, X4, X2, X3, Z1, Z2, ones(N*T, 1)]); %between instrunents
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;
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PABHT=PA+PBHT; %projection matrix of instruments

for obs=1:1:1000 %000 experinents for each conbination of (nt,rho)

disp([’ oservation: ' nun2str(obs)]);

y=si ngl e(dat os(1, obs). Y(:,2)); %lependent var.

Y=si ngl e(dat os(1, obs).Y(:,1)); %ndogenous var

R=[Y, X1, X4, X5, 71, Z3, ones(N*T, 1)]; %eqg. 1, all regressors: Y, x3, z3 arev
gedous

K=si ze(R, 2);

Rwave=[Y, X1, X4, X5]; %q. 1, all regressors: Y, x3, z3 are endogenous

Kwave=si ze( Rwave, 2);

%open data for the observation

filenane=[' C.\ D ego\ S mNewrE\ eq2\esti _eq2 ' nunRstr(nt, ' 9%3.0f"') ' ' numstrv
(rho "98.0f") ...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "9%t. 0f')];

| oad(fil enane, ' rdoeq2');

e e e e e s e e e
% Met hod 3: FEBal
e o e e S e
resi =squeeze(rdoeq2(3).resi); % esiduals
vari=(resi' *Qmu*resi)/ (N (T-1)-Kwave);
st der new=di ag(vari *i nv( Rnave' * Qru* PA* Qnu* Rwave)) . 0. 5; %ew std. errors
rdoeq2(3).coef(:,2)=[stdernew(l,:); %Wl
NaN( 1, 1); %W2: enpty
stdernew 2, :); X1
NaN( 2, 1) ; %X2, X3: empt y
stdernew 3, :); 94
stdernew(4, :); %x5
NaN(7,1)]; Wi, Z2,Z3, phi 1, phi 2, nul, mu2: enpty
Y ==========SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSSSsS=sSs==s=s
% Met hod 5: BEBal
O/g:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

resi =squeeze(rdoeq2(5).resi); % esiduals

vari =(resi ' *Pmu*resi )/ (N-K);

st der new=di ag(vari *i nv(R *Prmu*PB*Pmu*R)) . 0. 5; % ew std. errors
rdoeg2(5).coef (:,2)=[stdernew(l,:); %Wl

NaN(1, 1); %y2: enpty
stdernew 2, :); o1

NaN( 2, 1) ; X2, X3: enpty
stdernew( 3, :); 9xX4
stdernew(4,:); %5
stdernew(5,:); %1

NaN(1, 1); %2: enpty
stdernew(6, :); %3

NaN( 1, 1); %hi 1
stdernew(7,:); %phi 2

NaN(2,1)]; %rul, mu2: enpty
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%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 6: ECWH
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
resi =squeeze(rdoeq2(6).resi); % esiduals
sigmal=(resi' *Qru*resi )/ (N (T-1)-K); % w thin" conponent of variance
sigma2=(resi' *Pmu*resi )/ (N-K); % between" conponent of variance
i nvsi gma=( 1/ si gnmal) * Qru+( 1/ si gna2) *Pnu; % si gma”™(-1)
st dernew=di ag(i nv(R *i nvsigma*R))."0.5; %ew std. errors
rdoeqg2(6).coef (:,2)=[stdernew(l,:); %Wl
NaN(1, 1); %2: enpty
stdernew( 2, :); o1
NaN( 2, 1) ; X2, X3: enpty
stdernew(3,:); 9x4
stdernew(4,:); 95
stdernew5,:); %1
NaN(1, 1); %2: enpty
stdernew( 6, :); %3
NaN(1, 1); %hi 1
stdernewm( 7, :); %hi 2
NaN(2, 1)]; %rul, nu2: enpty
e S e e
% Met hod 7: ECAmM
YF===========SS=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSs==S==s=
resi =squeeze(rdoeq2(7).resi); % esiduals
sigmal=(resi ' *Qru*resi)/ (N (T-1)-K); % w thin" conmponent of variance
sigma2=(resi' *Pmu*resi )/ (N-K); % between" conponent of variance
i nvsi gma=(1/si gmal) * Qru+( 1/ si gnma2) *Pnu; % si gma™(-1)
st dernew=di ag(i nv(R *i nvsigma*R))."0.5; %ew std. errors
rdoeq2(7).coef(:,2)=[stdernew(l,:); %Wl
NaN(1, 1); %2: enpty
stdernew 2, :); 91
NaN( 2, 1) ; X2, X3: enpty
stdernew( 3, :); x4
stdernew( 4, :); 9x5
stdernew(5, :); %1
NaN(1, 1); %2: enpty
stdernew(6, :); %3
NaN(1, 1); %ohi 1
stdernewW(7,:); %phi 2
NaN(2, 1)]; %rul, nu2: enpty
e e e e e
% Met hod 8: ECSA
e e e S e e
resi =squeeze(rdoeq2(8).resi); %esiduals
sigmal=(resi' *Qum*resi)/ (N (T-1)-K); % w thin" component of variance

si gma2=(resi' *Pnu*resi)/ (N-K);

i nvsi gma=(1/si gmal) *Qru+( 1/ si gma2) * Pnu;
st der new=di ag(i nv(R *i nvsigma*R)). 0. 5;
rdoeq2(8).coef(:,2)=[stdernew(l,:);

NaN(1, 1);

% bet ween"

conponent of variance
% si gma(-1)

%mew std. errors

%1l

%y2: enpty
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stdernew 2, :); X1
NaN( 2, 1); X2, X3: enpty
stdernew( 3, :); x4
stdernew( 4, :); 9x5
stdernew(5, :); %1
NaN(1, 1); %2: enpty
stdernew(6, :); %3
NaN(1, 1); %ohi 1
stdernew(7,:); %phi 2
NaN(2, 1)]; %rul, nu2: enpty
e e S e
% Met hod 9: ECCorn
e e eSS
resi =squeeze(rdoeq2(9).resi); % esiduals
sigmal=((resi'*Qmu*resi)/ (N (T-1)-K))"0.5; % w thin" component of variance
si gma2=((resi' *Pmu*resi)/ (N K))~0.5; % between" conponent of variance
i nvsi gma=(1/si gmal) *Qru+(1/sigma2) *Pnu; % si gma”(-1/2)
st der new=di ag(i nv(R *i nvsi gma* PAB*i nvsi gna*R)).~0.5; %ew std. errors
rdoeq2(9).coef(:,2)=[stdernew(l,:); %Wl
NaN( 1, 1); %W2: enpty
stdernew 2, :); X1
NaN( 2, 1) ; %X2, X3: enpty
stdernew(3,:); 9X4
stdernew(4, :); 9%x5
stdernew(5, :); wil
NaN(1, 1); W2: enpty
stdernew(6, :); %3
NaN(1, 1); %hi 1
stdernew(7,:); %ohi 2
NaN(2, 1)]; %rul, nu2: enpty
e e e e S e e e
% Met hod 10: HTM
e S e e e e e e eSS

resi =squeeze(rdoeq2(10).resi);

sigmal=(resi' *Qru*resi )/ (N (T-1)-K);
% bet ween"

sigma2=(resi' *Pmu*resi )/ (N-K);

i nvsi gma=( 1/ si gnal) * Qru+( 1/ si gma2) * Pnu;
st der new=di ag(i nv(R *i nvsi gma* PABHT*i nvsi gma*R)) . *0. 5;

% esi dual s

% w thin" conmponent of variance
conmponent of variance
% si gma(-1)

%mew std. errors

rdoeg2(10).coef(:,2)=[stdernew(1,:); Wl
NaN(1, 1); %2: enpty
stdernew 2, :); X1
NaN( 2, 1); 9X2, X3: enpty
stdernew 3, :); 9X4
stdernew( 4, :); 9X5
stdernew( 5, :); w1
NaN( 1, 1); %2: enpty
stdernew( 6, :); %3
NaN(1, 1); Y%phi 1
stdernewm 7, :); %hi 2
NaN(2, 1)]; %rul, nu2: enpty
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%dst Step
resi =si ngl e(squeeze(rdoeq2(16).resi)); % esiduals
vari =(resi'*Qmu*resi)/ (N*(T-1) - Knave) ;
st der new=di ag(vari *i nv(Rwave' * Qmu* PA* Qru* Rmave) ). 0. 5; %ew std. errors
rdoeq2(16).coef(:,2)=[stdernew(1,:); %Wl

NaN(1, 1); %2: enpty

stdernew 2, :); o1

NaN( 2, 1) ; X2, X3: enpty

stdernew( 3, :); 9x4

stdernew( 4, :); 95

NaN(7,1)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty

% 2nd St ep
resi 2nd=si ngl e(squeeze(rdoeq2(17).resi)); %Wesiduals 2nd stage
si gma2nd=(resi 2nd' *Pru*r esi 2nd) / ( N- Kbar) ;
st der new=di ag( si gma2nd*i nv( Rbar"' * Pnu* PB* Pmu* Rbar ) ) . 0. 5;

rdoeq2(17).coef(:,2)=[ NaN(7,1); Wyl,y2, X1, X2, X3, X4, X5: enpty
stdernew(1, :); %1
NaN( 1, 1); %Z2: enpty
stdernew( 2, :); %3
NaN(1, 1); %ohi 1: enpty
stdernew(3,:); %ohi 2
NaN(2,1)]; %rul, nu2: enpty

% 3rd Step
resi 3rd=si ngl e(squeeze(rdoeq2(18).resi)); %esiduals 2nd stage
Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2nd, ones(N*T, 1)]; % ul| dataset, including all ¢
tbeiginal vars. plus the estimted Fi xed Effects
C=[ X1, X2, X3, X4, X5, 71, 72, Z3, resi 2nd, ones(N*T, 1)]; %et of instrunents
PC=C*inv(C *Q)*C ;

% GVM

si gma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OregaGWFsi gma3rd*i nv(Rful I' *PC*Rful I') ;
st der new=di ag( OregaGW) . ~0. 5;

rdoeq2(18).coef(:, 2)=[ NaN(1, 1); %Wl: enpty
stdernew(1,:); Wy 2
stdernew( 2, :); 91
stdernew(3,:); 92
stdernew( 4, :); 9X3
NaN( 2, 1) ; x4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 1); %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 1); %ohi 2: enpty
stdernew(7,:); %rul

NaN(1, 1)]; %ru2: enpty
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% MT

Psi 1=OmregaGvM

Psi 2=(si gma2nd/ (si gma3rd”2))* Rful | ' *PC*PB* Pnu* Rbar *i nv¥
¢ Rb®nmu* PB* Pu* Rbar ) * Rbar ' * Pnmu* PB* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd”2))*(Rful | ' *PCrresi 3rd)*(resi2nd' * PB*Prmu*Rbar *i nv¢
¢ Rb®rmu* PB* Pnu* Rbar ) * Rbar ' * Pmu* PB*PC*Rf ul | ) ;

OnmegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der new=di ag( OregaMr) . 0. 5;

rdoeq2(18).coef(:,11)=[ NaN(1,1); %1: enpty

stdernew(l,:); Wy 2

stdernew( 2, :); 91

stdernew(3,:); 92

stdernew( 4, :); 9X3

NaN( 2, 1) ; 9xX4, X5: enpty

stdernew(5, :); %1

stdernew( 6, :); %2

NaN( 1, 1); %3: enpty

stdernew(8, :); %hi 1

NaN(1, 1); %phi 2: enpty

stdernew(7,:); %rul

NaN(1,1)1; %ru2: enpty
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 19, 20: GSPD_HTM
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 2nd Step
resi 2nd=si ngl e(squeeze(rdoeq2(19).resi)); %esiduals 2nd stage
si gma2nd=(resi 2nd' *Pnu*r esi 2nd) / (N- Kbar) ;
st der new=di ag( si gma2nd*i nv( Rbar' * Pmu* PBHT* Pnu* Rbar ) ) . ~0. 5;

rdoeq2(19).coef(:,2)=[ NaN7,1); %Wl,y2, X1, X2, X3, X4, X5: enpty
stdernew(1,:); %1
stdernew( 2, :); %2
NaN( 1, 1); %3: enpty
stdernew(3,:); %ohi 1
NaN(3, 1)]; %ohi 2, mul, mu2: enpty

% 3rd Step
resi 3rd=si ngl e(squeeze(rdoeq2(20).resi)); %esiduals 2nd stage
Rful I =[Y, X1, X2, X3, Z1, Z2,resi 2nd, ones(N*T,1)]; % ull dataset, including all ¥
tbeiginal vars. plus the estimated Fi xed Effects
C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, resi 2nd, ones(NT, 1)]; %et of instrunents
PC=C*inv(C *C) *C ;

% GVM

sigma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OnegaGWWEsi gma3rd*inv(Rful | *PCRful | ) ;
st der new=di ag( OregaGwW) . *0. 5;

rdoeq2(20).coef(:,2)=[ NaN(1, 1); %1l: enpty
stdernew(1,:); Wy 2
stdernew( 2, :); 91

stdernew(3,:); 92
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stdernew( 4, :); 9X3

NaN( 2, 1) ; 9%xX4, X5: enpty
stdernew(5,:); %1
stdernew( 6, :); %2

NaN( 1, 1); %Z3: enpty
stdernew(8,:); %ohi 1

NaN( 1, 1); %ohi 2: enpty
stdernew(7,:); %rul
NaN(1, 1)]; %ru2: enpty

% MT

Psi 1=OmregaGvM

Psi 2=(si gma2nd/ ( si gnma3rd~2))* Rful | ' *PC*PBHT* Pnu* Rbar *i nv¥
¢ Rb&mu* PBHT* Pnmu* Rbar ) * Rbar ' * Pmu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd”2))*(Rful |l ' *PCrresi 3rd)*(resi2nd' * PBHT* Pmu* Rbar *i nv v
¢ Rb&mu* PBHT* Pru* Rbar ) * Rbar ' * Pnmu* PBHT* PC*Rf ul | ) ;

OnmegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der new=di ag( OregaMr) . 0. 5;

rdoeq2(20).coef(:,11)=[ NaN(1,1); %1: enpty

stdernew(l,:); Uy 2

stdernew( 2, :); 91

stdernew(3,:); 9X2

stdernew( 4, :); %X3

NaN( 2, 1) ; 9X4, X5: enpty

stdernew(5, :); w1l

stdernew(6, :); w2

NaN( 1, 1) ; %Z3: enpty

stdernew(8, :); %hi 1

NaN( 1, 1); %hi 2: enpty

stdernew(7,:); %rul

NaN( 1, 1)]; %ru2: enpty
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 25: G3SPD_HTMhew
Yf==================—====—====—====—====—====—====—====—====—============—==========

% 3rd Step
Rful I =[Y, X1, X2, X3, Z1, Z2, resi 2nd, ones(N*T, 1)]; % ul | dataset, including all ¢
tbeiginal vars. plus the estimted Fi xed Effects
C=[ A BHT, resi 2nd]; %et of instrunents
PC=C*inv(C *C)*C ;
PR=Rful I *i nv(Rful I " *Rful  )*Rful | '; %projection matrix of the regressors
RCi nvCC=Rful I ' *C*i nv(C *C);

% coefficients: stored in colum 1
theta=i nv(RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi 3rd=y-Rful |l *theta; % esiduals

% G stored in colum 2
sigma3rd=(resi 3rd' *resi 3rd)/ (N*T-K);
OnmegaGWWEsi gma3r d*i nv(RCi nvCC*C *Rful |);
st der GWkEdi ag( OregaGwWM) . 70. 5;
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% WH- HC1: stored in columm 6

si gmaHC1=C *di ag(resi 3rd. "2) *C;

OnegaHCl=i nv(RG nvCC*C *Rf ul I ) *( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . 0. 5;

cl ear (' OnegaHCl');

% WH- HC2: stored in columm 7

si gmaHC2=C *di ag((resi 3rd.*2)./(1-diag(PR)))*C;

OnmegaHC2=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmHC2',' OregaHC2');

% WH- LE: stored in columm 8

epsi | onast =(resi 3rd)./(1-diag(PR)); %psil on**

si gmaLE=C *di ag(epsi | onast."2)*C,

OregalLE=i nv(RCi nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaLE*RCi nvCC' ) *i nvi
ORCC*C *Rful | );

st der LE=di ag( OnegaLE). *0. 5;

cl ear (' OnegalLE');

% WH- HC3: stored in colum 9

si gmaHC3=si gnaLE- (C *epsi | onast *epsi |l onast' *O) ;

OregaHC3=i nv(RG nvCC*C *Rf ul | ) * (RCi nvCC* si gmaHC3* RCi nvCC' ) *i nvk
ORCC*C *Rful |);

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE ,'sigmHC3',' OregaHC3');

% BK: stored in colum 10

E=reshape(resi 3rd, T,N); %arrange the set of OLS residuals

VBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matrix forwe
edche peri od.

si gmaBK=C * VBK* C;

OregaBK=i nv(Rful | ' *PC*Rf ul | ) *( RCi nvCC*si gmaBK* RCi nvCC ) *i nv¥
(RFOPC*Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E,"'VBK ,'sigmBK ,' OregaBK');

% MI: stored in colum 11

Psi 1=OregaGvM

Psi 2=(si gma2nd/ (si gma3rd~2))* Rful | ' *PC*PBHT* Pnu* Rbar *i nv¥
¢ Rb&mu* PBHT* Pmu* Rbar ) * Rbar ' * Pmu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (sigma3rd”2))*(Rful | ' *PCtresi 3rd)*(resi2nd' * PBHT* Pmu* Rbar *i nve
¢ Rb&nu* PBHT* Pu* Rbar ) * Rbar ' * Pru* PBHT* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

% store standard errors and residual s
stder=[t heta, stderGW zeros(8, 3), stder HC1, st der HC2, st der LE, st der HC3, st der BK, ¢

rdoeqg2(25).coef=[NaN(1, 11); %1l: enpty
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stder(1,:); %y 2
stder(2,:); 9X1
stder(3,:); 9X2
stder(4,:); 9X3

NaN( 2, 11); x4, X5: enpty
stder(5,:); %1
stder(6,:); %2

NaN( 1, 11); %3: enpty
stder(8,:); %ohi 1

NaN( 1, 11); %ohi 2: enpty
stder(7,:); %rul

NaN( 1, 11)]; %ru2: enpty

rdoeq2(25).resi=resi3rd,
rdoeg2(25).stats=[];

% Save results

filenanme=[' C:\Di ego\ Si mMNewFE\ eq2\esti _eq2 ' numRstr(nt,'9%3.0f") ' ' nunPstre
(rho "98.0f")...

‘\esti _eqg2 ' nun@str(nt,' ' %3.0f") ' ' nun2str(rho, %3.0f") ' ' nunRstr¥

(obs "9%t. 0f')];

save(fil ename, ' rdoeq2');

di sp([filenane ' guardado. Continuar...']);

cl ear (' rdoeqg2');

end
toc
end
end
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% Functi on ESTI MAEQ2_V6

% Thi s program perform conpl ementary estimations for EQUATION 2

% Aut hor: Di ego Avanzi ni

function estimeq2_v6

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200,
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

% r der of coefficients in Equation 1:
%yl, X1, X4, X5, ZzZ1, Z3, VarPhi 2 (constant), Phi2 (Mi)

for nt=1:1:size(ntcases,1l) %even conbinati ons of N and
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) '

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/
disp( ' e '
disp([’ Rho= "' nunm@str(rho)]);

disp( ' = 00 @ ceeeemeeeieeeiieeiie e
tic

30; 200, 50]; %onbi nati ons of

%/ w ratio

T

:::::::::');
="' nunm@str(T)]);

:::::::::');

si gmaepsi |l on) coefficients

)

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt,'%3.0f") ' '
| oad(filenane, ' X1',"'X2',"X3","'X4","'X5","'7z1" "' 72
filenane=["'.\case\case ' nunRstr(nt,'9%3.0f") ' '
| oad(fil enane, ' datos');

Xl=singl e( X1); X2=single(X2); X3=single(X3); X4=

Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes

R R R R

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);
Kbar =si ze( Rbar, 2);

nunstr(rho, ' 3. 0f")];
1 Z3Y);
nunstr(rho, " ¥3.0f")];

si ngl e( X4); X5=singl e( X5);

A=si ngl e(Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv( A *A)*A';

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, 71, 72, Z3, ones( N* T,
PB=B*i nv(B' *B) *B' ;

BHT=si ngl e( Pnu*[ X1, X4, X2, X3, Z1, Z2, ones(N*T, 1)]);
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

1)])); Ybetween instrunments

obet ween i nstrunents

(N, ¥
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for obs=1:1:1000 %000 experinents for each conbination of (nt,rho)
disp([’ oservation: ' nun2str(obs)]);
y=si ngl e(dat os(1, obs). Y(:,2)); %lependent var.
Y=si ngl e(dat os(1, obs).Y(:,1)); %ndogenous var
R=[ Y, X1, X4, X5, Z1, Z3, ones(N*T, 1)]; %q. 1, all regressors: Y, x3, z3 are«

gedous
K=si ze(R, 2);
Rwave=[Y, X1, X4, X5]; %q. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
e e e
% Met hod 1: QLS
e e e e e e e e S
thetaOLS=i nv(R *R) *R *vy;
resi OLS=y- R*t het aOLS;
si gnmaOLS=(resi OLS *resi OLS)/ (N*T-K) ;
st der OLS=di ag(si gmaOLS*i nv(R *R))."0.5; %ew std. errors
esti nadores=[thetalOLS, st der OLS]
rdoeq2(1).coef=[ esti madores; NaN(1,2)]; %hil is enpty
rdoeq2(1).resi=resi OLS;
clear('thetaO.S ,'resi OLS ,'sigmaCOLS ,'stderCLS ,'estinmadores');
e e e e e
% Met hod 2: FEStd
YF============S=SSSSSSSSSSSSSSSS oSS SSSSSSSSSSSSSSSSSSSSSSSSSSS============
t het aFESt d=i nv( Rwave' * Qru* Rwave) * Rnave' * Qru*y;
resi FESt d=Qnu*y- Qru* Rwave*t het aFESt d;
si gmaFESt d=(resi FESt d' *Qru*resi FEStd)/ (N*( T- 1) - Knave) ;
st der FESt d=di ag( si gmaFESt d*i nv( Rwave' *Qmu* Rwave))."0.5; %lew std. errors
esti madores=[t het aFESt d, st der FESt d] ;
rdoeq2(2).coef=[estimadores; NaN(4,2)]; %1, Z2, VarPhil, Phil: enpty
rdoeqg2(2).resi=resi FEStd;
clear('resi FEStd','sigmaFEStd' ,'stderFEStd' ,'estinmdores');
e e
% Met hod 3: FEBal
e e e e e e e e e e e eSS
t het aFEBal =i nv( Rwave' * Qmu* PA* Qru* Rwave) * Rwave' * Qmu* PA* Qru* y;
resi FEBal =Qnu*y- Qru* Rwave*t het aFEBal ;
si gmaFEBal =(resi FEBal ' *Qru*resi FEBal )/ (N*( T- 1) - Knave) ;
st der FEBal =di ag(si gmaFEBal *i nv( Rwave' * Qmu* PA* Qru* Rwave) ). 0. 5; %ew std. ¢
€esro
esti madores=[t het aFEBal , st der FEBal | ;
rdoeq2(3).coef=[estimadores; NaN(4,2)]; %1, Z2, VarPhil, Phil: enpty
rdoeq2(3).resi=resi FEBal
clear('resi FEBal ', ' stderFEBal ', "' estinmadores');
e S e e
% Met hod 4: BEBal
e e S e S

t het aBEBal =i nv(R * Pmu* PB* Pnru* R) * R * Pmru* PB* Pnu* y
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resi BEBal =Pmu*y- Pmu* R*t het aBEBal ;

si gmaBEBal =(resi BEBal ' * Pmu*r esi BEBal )/ ( N-K) ;

st der BEBal =di ag(si gmaBEBal *i nv(R *Pmu* PB*Prnu*R) ) . 70. 5; %ew std. errors
esti madores=[t het aBEBal , st der BEBal | ;

rdoeq2(4). coef =[ esti madores; NaN(1,2)]; %hil is enpty

rdoeqg2(4). resi=resi BEBal ;

clear('thetaBEBal', ' resi BEBal ', ' stderBEBal', ' estinmadores');
e e S
% Met hod 5: ECCorn
e e S

WCor n=( ( 1/ si gmaFEBal ) 20. 5) *Qmu+( ( 1/ si gmaBEBal ) *0. 5) *Prru; %i gma ~ (-1/2)

t het aECCor n=i nv( R *WCor n* ( PA+PB) *WCor n*R) * R * WCor n* ( PA+PB) * \WCor n*vy;

r esi ECCor n=WCor n*y- WCor n* R*t het aECCor n;

si gmaECCor n=(r esi ECCorn' *resi ECCorn)/ (NT-K); % wi thin" conponent of ¢
aace

st der ECCor n=di ag(si gnaECCor n*i nv( R *WCor n* ( PA+PB) *WCor n*R) ). 0. 5; % ew std. ¥
esro

esti mador es=[t het aECCor n, st der ECCor n] ;

rdoeq2(5). coef =[ esti madores; NaN(1,2)]; %hil is enpty

rdoeq2(5).resi=resi ECCor n;

clear (' Worn','thetaECCorn',"'resi ECCorn',"'sigmECCorn',...

"stder ECCorn',"'sigmaBEBal',"'estinmadores');

e S e e e e e S
% Met hod 6: HTM
YF==========ooooSooooooCoooCooooooooSooCoooooooooooooooooooooooooooooooDooso

ebar HT=Pnu*y- Pnu* R*i nv( R * Pnu* PBHT* Pnu* R) * R * Pnu* PBHT* Pnu* y;

si gma2HT=( ebar HT' * Pnu* ebar HT) / (N- K) ;

VWHT=(( 1/ si gmaFEBal ) *0. 5) *Qmu+( ( 1/ si gma2HT) ~0. 5) * Pnu;

t het aHT=i nv( R *WHT* ( PA+PBHT) *\WHT* R) * R * WHT* ( PA+PBHT) *WHT*y; %oefficients

resi HT=WHT*y- WHT* R*t het aHT; % esi dual s

si gmaHT=(resi HT" *resi HT) / (N*T-K); % w t hin" conponent of variance

st der HT=di ag(si gmaHT*i nv( R * WHT* ( PA+PBHT) *WHT*R) ) . *0.5; %ew std. errors

esti madores=[t het aHT, st der HT] ;

rdoeq2(6). coef =[ esti madores; NaN(1,2)]; %hil is enpty

rdoeqg2(6). resi=resiHrT,

clear(' ebarHT' ,"'sigmaFEBal ', "' si gma2HT ,' WHT' , 't hetaHT', ...

"resi HT' ,"sigmaHT' , ' sigmaFEBal ', "' stder HT' , ' esti nadores');
e e e e
% Met hod 7,8: G3SPD_Std
e e S e S EE ===
% 1st st age:
% i dem FESt d.
% 2nd St ep:

uhat St d=Pmu*y- Pnu* Rnave*t het aFESt d; %ector of nean residual s (dependent ¥

aat e)

t het aSt d=i nv(Rbar' *Pnu*Rbar) *Rbar' *Pnu*uhat St d;
resi St d2nd=Pnu*uhat St d- Pnu* Rbar *t het aSt d;
si gmaSt d2nd=(r esi St d2nd' *Pru*r esi St d2nd) / ( N- Kbar) ;
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st der St d=di ag(si gmaSt d2nd*i nv( Rbar' * Pmu* Rbar)) . ~0. 5;

esti madores=[t hetaStd, stder Std];

rdoeq2(7).coef =[ NaN( 4, 2); esti madores; NaN(1,2)]; %, X1, X2, X3, Phi 1: enpty
rdoeq2(7).resi=resi Std2nd,

clear('uhatStd','thetaFEStd' ,'stderStd','estinadores');

% 3rd Step:
Rful Il =singl e([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), resi Std2nd] ); % ul |l dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects
PR=Rful I *inv(Rful Il " *Rful I )*Rful I '; %projection matrix of the regressors
K=si ze(Rful |, 2);

%Coefficients: stored in colum 1
thetaStd=inv(Rful Il "*Rful I )*Rful | ' *vy;
resi Std3rd=y-Rful | *t hetaStd;

% GW covar.: stored in colum 2

si gnmaSt d3rd=(resi Std3rd' *resi Std3rd)/ (N T-K) ;
OregaGWEsi gnaSt d3rd*i nv(Rful | " *Rful ') ;

st der GWEdi ag( OregaGW) . 0. 5;

% VWH- HC1 covar.: stored in colum 3

si gmaHCl=di ag(resi Std3rd. "2);

OregaHCLl=i nv(Rful I " *Rful I )*(Rful | ' *si gnaHC1*Rf ul | ) *i nv(Rful I ' *Rful | );
st der HC1=di ag( OmregaHC1) . ~0. 5;

clear('sigmHCL',' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=di ag((resi Std3rd. *2)./(1-diag(PR)));

OregaHC2=i nv(Rful I "*Rful I )*(Rful | ' *si gmaHC2*Rful [ ) *i nv(Rful I ' *Rful | ) ;
st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmaHC2' ,' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi l onast =resi Std3rd./(1-di ag(PR)); %epsil on*

si gnmaLE=di ag( (epsi | onast.”"2));

OregalLE=inv(Rful I " *Rful I )*(Rful I " *si gmaLE*Rful | ) *i nv(Rful |l " *Rful |);
st der LE=di ag( OnegaLE) . ~0. 5;

cl ear (' OnegalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (epsi | onast *epsi | onast');

OregaHC3=i nv(Rful I " *Rful I ) *(Rful | ' *si gmaHC3*Rf ul | ) *i nv(Rful |l " *Rful 1) ;
st der HC3=di ag( OregaHC3) . 0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,' OnegaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Std3rd, T, N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K), eye(T))); Y%Beck & Katz (1995) covariance natrix«
feach tinme period.

OnegaBK=inv(Rful | " *Rful 1 )*(Rful I " *si gmaBK*Rf ul | ) *i nv(Rful I " *Rful |');

st der BK=di ag( OnegaBK) . ~0. 5;
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clear('E ,"'sigmaBK ,"' OnegaBK');

% MI' covar.: stored in colum 8
Psi 1=OmregaGvM
Psi 2=(si gmaSt d2nd/ (si gmasSt d3rd”2))* Rfull'*. ..
Prmu* Rbar *i nv( Rbar ' *Pru* Rbar ) *Rbar ' *Pnu*Rf ul | ;
Psi 3=(1/ (sigmasStd3rd”2))*(Rful |l ' *resi Std3rd) *. ..
(resi Std2nd' *Prmu* Rbar *i nv( Roar ' *Pmu* Rbar ) *Rbar' *Pnu*Rf ul | ) ;
OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) * Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear('sigmsStd3rd','sigmasStd2nd',' OregaGW , "' Psil','Psi2', ...
"Psi 3',"' OnegaMI', 'resi Std2nd');

% store coefficients and standard errors (8 col ums)
rdoeqg2(8).coef =[thet aStd, stder GW st der HCL1, st der HC2, st der LE, st der HC3, v
sBHest der MT] ;
rdoeq2(8).resi=resi Std3rd,
clear('resi Std3rd', ' thetaStd','stderGW ,'stderHCl','stderHC2',...
"stderLE','stderHC3','stderBK' ,'stderMr','estimdores','Rfull');

YF===========S==S=SSSSSSSS oS SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=SSSS=S==s======
% Met hod 9, 10: G3SPD Corn
B e e e e e
% 1st St ep:
% i dem FEBal .
% 2nd St ep:
uhat Cor n=Pnu*y- Pnu* Rwave*t het aFEBal ; %ector of nean residuals (dependent ¥
abt )

t het aCor n=i nv( Rbar ' * Pnu* PB* Pmu* Rbar ) * Rbar ' * Pnu* PB* Pnu* uhat Cor n;

resi Cor n2nd=Pnu* uhat Cor n- Pnu* Rbar *t het aCorn; % esi dual s 2nd stage

si gmaCor n2nd=(r esi Cor n2nd' * Pmu*r esi Cor n2nd) / (N- Kbar) ;

st der Cor n=di ag(si gnaCor n2nd*i nv( Rbar ' * Pnu* PB* Pnu* Rbar) ) . 0. 5;

esti nadores=[t hetaCorn, stder Corn];

rdoeq2(9). coef =[ NaN( 4, 2) ; esti madores; NaN(1,2)]; %, X1, X2, X3, Phi 1: enpty
rdoeq2(9).resi =resi Corn2nd;

clear (' uhatCorn','thetaCorn','stderCorn',"'estinmdores');

% 3rd Step:

Rful I =single([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1) ,resi Corn2nd] ); % ull dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, 72, Z3, ones(N*T, 1) ,resi Corn2nd] ; %et of instrunents

PC=C*inv(C *C) *C ;

RCi nvCC=Rful | ' *C*i nv(C *C);

PR=Rful I *inv(Rful | " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aCor n=i nv( RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi Corn3rd=y-Rful | *t het aCor n;

% GW covar.: stored in colum 2



Ceyb\ Progr ans\ esti naeq2_v6. m 6 of 11

si gmaCor n3rd=(resi Corn3rd' *resi Corn3rd)/ (N*T-K);
OregaGWEsi gnmaCor n3r d*i nv( RCi nvCC*C *Rful | ) ;
st der GWEdi ag( OregaGwW) . 70. 5;

% WH- HCL covar.: stored in colum 3

si gmaHC1=C *di ag(resi Corn3rd. "2) *C,

OnegaHCl=i nv(RG nvCC*C *Rf ul I ) * ( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nv
ORCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' , "' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi Corn3rd. *2)./(1-diag(PR)))*C;

OregaHC2=i nv(RC nvCC*C *Rful | ) * (RCi nvCC*si gmaHC2* RCi nvCC' ) *i nvy
ORCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . ~0. 5;

clear (' sigmHC2',' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi |l onast =resi Corn3rd./(1-diag(PR)); %psilon**

si gmaLE=C *di ag( epsi | onast."2)*C;

OregalE=i nv(RCi nvCC*C *Rful | )*(RC nvCC*si gmaLE*RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH-HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (C *epsi | onast *epsi |l onast' *C) ;

OregaHC3=i nv( RG nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC3* RCi nvCC ) *i nv¥
ORCC*C *Rful | );

st der HC3=di ag( OregaHC3) . ~0. 5;

clear('epsilonast','sigmlLE','signmHC3',' OmregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Corn3rd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev
mat f or each tine period.

OregaBK=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaBK*RC nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,"'sigmaBK ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaCor n2nd/ ( si gnaCor n3rd”2))* Rful | ' *PC* PB* Pnu* Rbar *. . .
i nv( Rbar' * Pnu* PB* Pnmu* Rbar ) * Rbar' * Pnu* PB* PC*Rf ul | ;

Psi 3=(1/ (si gmaCorn3drd”"2))*(Rful |l ' *PC*resi Corn3rd) *. ..
(resi Corn2nd' * PB* Pmu* Rbar *i nv( Rbar ' * Pmru* PB* Pnu* Rbar ) v

¥ Rb&mu*PB* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmCorndrd','sigmCorn2nd',' OregaGwWM , "' Psil','Psi2', ...
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"Psi 3", OnegaMI" , ' resi Corn2nd');

% store coefficients and standard errors (8 col ums)
rdoeg2(10). coef =[t het aCorn, st der GW st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;
rdoeq2(10).resi=resi Corn3rd,
clear('resi Corn3rd', 'thetaCorn','stderGvwM ,'stderHCl','stderHC2',...
"stderLE', ' stderHC3','stderBK ,'stderMr,'PR ,'PC,6"'Rfull"',...
"C,"RC nvCC ,'estinmadores',' Rfull");

e e e e e e
% Met hod 11, 12: G3SPD _HTM (O d version using the whole set of
% instruments in the 3rd Step estinmation)
E S e e e e S e e e
% 1lst Step:
% i dem FEBal .
% 2nd St ep:
uhat HTM=Pmu* y- Pnu* Rnvave* t het aFEBal ; %vect or of nean residual s (dependent ¥
abt )

t het aHTM=i nv( Rbar ' * Pnu* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT* Pnu* uhat HTM

r esi HTM2nd=Pru* uhat HTM Pnu* Rbar *t het aHTM % esi dual s 2nd st age

si gmaHTM2nd=(r esi HTM2nd" * Pru* r esi HTM2nd) / ( N- Kbar ) ;

st der HTM=di ag( si gmaHTM2nd* i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar) ). ~0. 5;

esti madores=[t het aHTM st der HTM ;

rdoeq2(11).coef=[ NaN(4, 2); esti madores; NaN(1,2)]; %, X1, X2, X3, Phi 1: enpty
rdoeq2(11).resi=resi HTM2nd;

clear('uhatHTM , 't hetaHTM ,' stder HTM , ' esti madores','thetaFEBal');

% 3rd Step:

Rful I =single([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), resi HTM2nd] ); % ul | dataset, ¢
udchg all the original vars. plus the estimted Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3, ones(N*T, 1), resi HTM2nd] ; Y%et of instrunments

PC=C*inv(C *Q)*C ;

RCi nvCC=Rful I " *C*i nv(C *C);

PR=Rful I *i nv(Rful I * *Rful  )*Rful | '; %projection matrix of the regressors

K=si ze(Rful I, 2);

% Coefficients: stored in colum 1
t het aHTM=i nv(RCi nvCC*C *Rf ul | ) *RCi nvCC*C *vy;
resi HTM3r d=y- Rf ul | *t het aHTM

% GWM covar.: stored in colum 2

si gmaHTM3r d=(r esi HTM3rd' *r esi HTM3rd) / ( N* T- K) ;
OnmegaGWWEsi gmaHTMBr d*i nv(RC nvCC*C *Rf ul | ) ;
st der GWEdi ag( OregaGWM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(resi HTM3rd. ~2) *C;

OnegaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC1*RCi nvCC' ) *i nv¥
ORCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . 0. 5;
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clear('sigmaHCL'," OnegaHCl');

% WH HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTM3rd. *2) ./ (1-diag(PR)))*C,

OnegaHC2=i nv(RG nvCC*C *Rf ul I ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmaHC2' ," OregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =resi HTM3rd. / (1-di ag(PR)); %epsil on**

si gmaLE=C *di ag(epsi | onast."2)*C,

OnegalE=i nv(RCi nvCC*C *Rful I ) *( RC nvCC*si gmaLE*RCi nvCC' ) *i nv¥
ORCC*C *Rful | ) ;

st der LE=di ag( OnegaLE). *0. 5;

cl ear (' OnegalLE");

% WH- HC3 covar.: stored in colum 6

si gnmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

OnmegaHC3=i nv(RGC nvCC*C *Rf ul | ) *( RCi nvCC*si gnmaHC3*RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . 70. 5;

clear('epsilonast','sigmlLE ,'sigmHC3',' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTM3rd, T, N); %arrange the set of CLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covariance¥
imat for each tine period.

OregaBK=i nv( RCi nvCC*C *Rful | ) *(RC nvCC*si gnaBK*RC nvCC' ) *i nvk
ORCC*C *Rful | );

st der BK=di ag( OnegaBK) . *0. 5;

clear('E ,'sigmaBK' ,' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OregaGvM

Psi 2=(si gmaHTM2nd/ (si gmaHTMBrd~2) ) * Rful | ' * PC* PBHT* Pnu* Rbar * . . .
i nv( Rbar' * Pru* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT* PC*Rf ul | ;

Psi 3=(1/ (sigmaHTMBrd”2) ) *(Rful |' *PC*resi HTMBrd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar' * Pnmu* PBHT* Pnu* Rbar ) ¢

¥ Rb&mu* PBHT* PC*Rf ul | ) ;

OregaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MT=di ag( OnegaMr) . ~0. 5;

clear (' sigmaHTM3rd',' OnegaGW , ' Psi 1',"' Psi 2', ...
"Psi 3", OmegaMI');

% store coefficients and standard errors (8 col ums)
rdoeg2(12). coef=[t het aHTM st der GWM st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;
rdoeqg2(12).resi=resi HTM3rd;
clear('resi HTM3rd',"' t hetaHTM , ' stderGW , ' stder HC1' , ' stder HC2' , . ..
"stderLE', ' stderHC3','stderBK ,'stderMr,'PR ,'PC,6"'Rfull"',...
'"C,"RC nvCC ,'estinmadores',' Rfull"');
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% Met hod 13: G3SPD _HTMNew ( New version using the HT set of
% instrunments in the 3rd Step estimation)
0/;:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 1st Step:
% i dem FEBal .

% 2nd St ep:
% i dem G3SPD_HTM (A d versi on)

% 3rd Step

Rful | =si ngl e([Y, X1, X4, X5, 721, Z3, ones(N*T, 1), resi HTM2nd] ); % ul | dataset, ¥
udchg all the original vars. plus the estimted Fi xed Effects

C=[ A, BHT, resi HTM2nd] ; % et of instrunents

PC=C*inv(C *C)*C ;

PR=Rful I *inv(Rful | "*Rful I )*Rful | '; %projection matrix of the regressors

RCi nvCC=Rful | ' *C*i nv(C *O);

K=si ze(Rful |, 2);

% Coefficients: stored in colum 1
t het aHTMNEWEI nv( RC nvCC*C *Rf ul | ) *RCi nvCC* C' *vy;
resi HTMNEWBr d=y- Rf ul | *t het aHTMNEW

% GWM covar.: stored in colum 2

si gmaHTMNEWBr d=(r esi HTMNEWBr d' *r esi HTMNEVBr d) / ( N* T- K) ;
OregaGWVEsi gmaHTMNEWBr d* i nv( RCi nvCC*C *Rful I');

st der GWEdi ag( OregaGW) . 0. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(r esi HTMNEWBr d. ~2) *C,

OregaHCl=i nv(RG nvCC*C *Rf ul | ) *(RCi nvCC*si gmaHC1*RCi nvCC ) *i nvk
OGRCC*C *Rful | );

st der HC1=di ag( OmegaHC1) . ~0. 5;

clear('sigmHCL',' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTMNEWBrd. ~2) ./ (1-di ag(PR))) *C,

OregaHC2=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmaHC2' , ' OregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =r esi HTMNEWBr d. / (1-di ag(PR)); %psil on**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

OnegalLE=i nv(RCi nvCC*C *Rful | ) *(RC nvCC*si gmaLE*RCi nvCC' ) *i nvr
ORCC*C *Rful 1) ;

st der LE=di ag( OnegaLE) . *0. 5;

cl ear (' OnegalLE");
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% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

OnegaHC3=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . 0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,' OregaHC3');

% BK covar.: stored in colum 7

E=r eshape(resi HTMNEWBrd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev
it f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gmaBK*RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der BK=di ag( OnegaBK) . 70. 5;

clear('E,'sigmBK ,' OnegaBK');

% MI covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaHTM2nd/ (si gmaHTMNEWBr d~2) ) * Rf ul | ' * PC* PBHT* Pmu* Rbar * . . .
i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) * Rbar' * Pnu* PBHT* PC* Rf ul | ;

Psi 3=( 1/ (si gmaHTIMNEWBr d”2) ) * (Rf ul | * * PC*r esi HTMNEVBrd) *. . .
(resi HTM2nd' * PBHT* Pmu* Rbar *i nv( Rbar ' * Pnu* PBHT* Pnu* Rbar ) ¢

¥ Rb®mu* PBHT* PC*Rf ul | ) ;

OregaMr=Psi 1+Psi 1* (Psi 2- 2*Psi 3) *Psi 1,

st der MT=di ag( OnegaMr) . ~0. 5;

clear('sigmaHTMNEWBrd' ,' OregaGvM , ' Psi 1',"Psi2', ...
"Psi 3',' OregaMr', 'resi HTM2nd' , ' si gmaHTM2Nnd' ) ;

% store coefficients and standard errors (8 col ums)
rdoeq2(13). coef =[t het aHTMNEW st der GW st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;
rdoeq2(13).resi=resi HTMNEWBr d;
clear('resi HTMNEVBrd' ,'thet aHTMNEW , ' stder GW , ' stder HC1' , ' stder HC2' , . ..
"stderLE,'stderHC3','stderBK ,'stderMr,'PR ,'PC ,6"'Rfull’', ...
"C,'RC nvCC ,'estinmmdores', ' Rfull');

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
if exist(['.\eg2\esti_eq2 ' nunRstr(nt,  %3.0f") ' ' nun@str(rho,' %3. 0¥
f')],"'dir )~=7
mkdir(['.\eqg2\esti_eq2 ' numRstr(nt, " 9%3.0f") ' ' nunRstr(rho," %3.0f")]);
end
filenane=['.\eqg2\esti_eq2 ' nunm@str(nt," %3.0f") ' ' nunRstr(rho," %3.0f")...
‘\esti _eqg2 ' nunRstr(nt, ' 9%3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstr¥

(obs "9%t.0f")];
save(fil enane, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
cl ear (' rdoeqg2');

end
toc
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end
end
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% Functi on ESTI MAEQ2_V7
% Thi s program perform conpl ementary estimations for EQUATION 2
% Aut hor: Di ego Avanzi ni

function estimeq2_v7

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunstr(nt) ' N=" num2str(N) ' T=" nunm2str(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Prmu=si ngl e( ZMu*i nv(ZM1' *ZMi) *ZMI" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

for rho=1:1:size(rhocases,1) %eleven rho (sigmanu/sigmaepsilon) coefficients

(oL o ")
di sp([’ Rho= ' nun2str(rho)]);

disp( ' e )
tic

% open files containing variables and convert to single
clear (' X1',"X2'," X3","'X4'","'X5',"z1",'z2",'Z3" ,"'datos');

filenane=[" C:\ D ego\ Si mNewrE\ base\ base ' numRstr(nt,"%3.0f") * ' nunRstr(rho," %
3.0f )1;

load(fil ename, ' X1',' X2',"' X3',"'X4","X5',"'z1","72","'Z723");

filenane=[' C:\Di ego\ Si mMNewFE\ case\ case ' nun2str(nt,' %3.0f") " ' nunRstr(rho, "' %
3.0f )1;

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Z1=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeterm ned matri xes

R

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

A=si ngl e( Qmu* ([ X1, X2, X3, X4, X5])); %ithin instrunents

PA=A*i nv(A *A) *A";

B=si ngl e( Pmu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3,0nes(N*T, 1)])); Ybetween instrunents
PB=B*i nv(B' *B) *B';

BHT=si ngl e( Pmu*[ X1, X4, X2, X3, Z1, Z2, ones(N*T, 1)]); %between instrunents
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

for obs=1:1:1000 %4000 experinents for each conbinati on of (nt,rho)
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disp(["

Observati on:

gedous
K=si ze(R, 2);
Rwave=[Y, X1, X4, X5]; %kq.
Kwave=si ze( Rnave, 2);
%open data for the observation
filenane=["' C.\ D ego\ Si mNewrE\ eq2\ esti _eq2_'
(rho "98.0f") ...
‘\esti _eqg2 ' nunstr(nt,’
(obs "9%t. 0f')];
| oad(fil enane, ' rdoeq2');
% Met hod 3: FEBal
resi FEBal =rdoeq2(3).resi;
esro

Y=si ngl e(dat os(1, obs). Y(:,1));
y=si ngl e(dat os(1, obs). Y(:,2));
R=[Y, X1, X4, X5, 71, Z3, ones(N*T, 1) ] ;

1, all

%8. 0f ' )

%Eq.

regressors: Y,

num@str (obs)]);

all regressors: Y, x3, z3 arev

x3, z3 are endogenous
numstr(nt, "' %3. 0f ") nungstr ¥
nunm@str (rho, ' ¥3. 0f ") nungstr ¥

si gmaFEBal =(resi FEBal ' *Qmu*resi FEBal )/ (N*( T- 1) - Kwave) ;

st der FEBal =di ag( si gmaFEBal *i nv( Rwave' * Qru* PA* Qru* Rnave) ) . 20. 5;

rdoeq2(3). coef (:,2) |
NaN( 1, 1) ;

st der FEBal ( 2, :

NaN( 2, 1);

stder FEBal (3, :
stder FEBal (4, :

NaN(7,1)];

stder FEBal (1, :

%hew std. ¢

%Wl
Uy 2:
X1
9X2, X3: enpty

X4

%X5

%1, 72, Z3, phi 1, phi 2, nul, nu2:

enpty

enpt y

clear('resiFEBal','signmaFEBal','stderFEBal');

resi BEBal =rdoeq2(5).resi;

si gmaBEBal =(resi BEBal ' *Pnu*r esi BEBal )/ (N-K) ;

st der BEBal =di ag( si gmaBEBal *i nv(R * Pmu* PB*Pru*R) ) . ~0. 5;
1)

rdoeq2(5).coef(:,2)=[ stderBEBal (1,

NaN(1, 1);

st der BEBal ( 2, :

NaN(2, 1) ;

st der BEBal ( 3, :
st der BEBal ( 4, :
st der BEBal ( 5, :

NaN(1, 1);

st der BEBal ( 6, :

NaN(1, 1);

stder BEBal (7, :

NaN(2,1)];

Omew std. errors

%l
Ny 2:
X1
9%X2, X3:
%X4
%X5
%l
WZ2:
%3
%ohi 1
%phi 2
%rul, mu2:

enpty

enpty

enpty

enpty

clear('resi BEBal',"'signaBEBal','stderBEBal');
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YfF=========S=S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSo=ssss
% Met hod 9: ECCorn
% s s s s s e s e ———
Yewave=Qru*y- Qmu* Rwave*i nv( Rwave' * Qru* PA* Qru* Rnwave) * Rwave' * Qmu* PA* Qru* y;
ewave=rdoeq2(3).resi; % aken from FEBal
si gmal=((ewave' *Qru*ewave)/ (N*(T-1)- Kwave))"0. 5;
%ebar =Pnu*y- Pmu* R*i nv( R * Pnu* PB* Pmu* R) * R' * Pnu* PB* Pru* y ;
ebar =r doeq2(5).resi; % aken from BEBal
si gma2=( (ebar' *Pnu*ebar)/ (N K- 1)) 0. 5;
WCor n=( 1/ si gnal) * Qru+( 1/ si gna2) * Pnu;
resi ECCor n=rdoeq2(9).resi;
si gmaECCor n=(r esi ECCorn' *resi ECCorn)/ (NT-K); % wi thin" conponent of ¥
aace
st der ECCor n=di ag(si gnaECCor n*i nv( R *WCor n* ( PA+PB) *WCor n*R) ). 0. 5; % ew std. ¢
esro
rdoeg2(9).coef(:,2)=[stderECCorn(1,:); W1l
NaN(1, 1); %2: enpty
stder ECCorn(2,:); o1
NaN( 2, 1) ; X2, X3: enpty
stder ECCorn(3,:); 9x4
stder ECCorn(4,:); %5
st der ECCor n(5, :); w1
NaN(1, 1); %2: enpty
st der ECCorn(6, :); %3
NaN(1, 1); %hi 1
stder ECCorn(7,:); %hi 2
NaN(2,1)]; %rul, mu2: enpty
clear (' ewave','ebar','signma2','Worn','resi ECCorn', ...
"signmaECCorn' , ' stder ECCorn');
% e e ——————————————
% Met hod 10: HTM

ebar HT=Prmu*y- Pnu*R*i nv( R * Pnu* PBHT* Pnu* R) * R * Pnu* PBHT* Prmu* y;

si gma2HT=( (ebar HT' * Pnu*ebar HT) / (N- K- 1) ) 0. 5;

WHT=( 1/ si gnmal) * Qru+( 1/ si gna2HT) * Pnu;

resi HT=rdoeq2(10).resi; % esiduals

si gmaHT=(resi HT' *resi HT) / (N*T-K); % wi thin" conmponent of variance

st der HT=di ag(si gmaHT*i nv( R *WHT* ( PA+PBHT) *WHT*R) ) . *0. 5; %lew std. errors
rdoeg2(10).coef(:,2)=[ stderHT(1,:); W1l

NaN(1, 1); %2: enpty
stderHT(2,:); o1

NaN(2, 1); X2, X3: enpty
stderHT(3,:); x4
stderHT(4,:); %5

stder HT(5,:); %1

NaN(1, 1); %2: enpty
stder HT(6,:); %3

NaN(1, 1); %hi 1
stderHT(7,:); %ohi 2
NaN(2,1)1; %rul, mu2: enpty

clear('ebarHT ,'sigmal','sigma2HT ,' WHT','resi HT' ,"'sigmaHT','stderHT");
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resi Std2nd=rdoeq2(14).resi;

si gmaSt d2nd=(r esi Std2nd' *resi St d2nd) / ( N- Kbar) ;

resi St d3rd=rdoeq2(15).resi;

Rful I =singl e([Y, X1, X4, X5, Z1, Z3, resi Std2nd, ones(N*T,1)]); % ull dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects

PR=Rful I *inv(Rful Il " *Rful I )*Rful I '; %projection matrix of the regressors

K=si ze(Rful |, 2);

% GW covar.: stored in colum 2

si gnmaSt d3rd=(resi Std3rd' *resi Std3rd)/ (N T-K) ;
OnmegaGWEsi gmasSt d3rd*i nv(Rful I " *Rful | ) ;

st der GWkEdi ag( OregaGwM) . 70. 5;

% WH-HC1 covar.: stored in colum 3

si gmaHCl=di ag(resi Std3rd. "2);

OregaHCl=i nv(Rful I "*Rful I )*(Rful | ' *si gmaHC1*Rf ul I ) *i nv(Rful I ' *Rf ul | ) ;
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCL',' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=di ag((resi Std3rd. "2)./(1-di ag(PR)));

OregaHC2=i nv(Rful I " *Rful I ) *(Rful | ' *si gmaHC2*Rf ul | ) *i nv(Rful I " *Rful | ) ;
st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmHC2',' OmregaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =resi Std3rd./(1-di ag(PR)); %psilon*

si gnmaLE=di ag( (epsi | onast.”2));

OregalLE=i nv(Rful | " *Rful I )*(Rful | ' *si gmaLE*Rful | ) *i nv(Rful | ' *Rful ') ;
st der LE=di ag( OnegaLE) . ~0. 5;

cl ear (' OnegalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (epsi | onast *epsi | onast');

OregaHC3=i nv(Rful I " *Rful I ) *(Rful | ' *si gmaHC3*Rf ul | ) *i nv(Rfull " *Rful 1) ;
st der HC3=di ag( OregaHC3) . 0. 5;

clear('epsilonast','sigmlLE ,'signmHC3' ,' OnegaHC3');

% BK covar.: stored in colum 7

E=reshape(resi Std3rd, T, N); %arrange the set of OLS residuals

si gmaBK=(kron((E *E)./(T-K),eye(T))); %Beck & Katz (1995) covariance matri x¥
feach tinme period.

OregaBK=i nv(Rful I " *Rful I )*(Rful I ' *si gmaBK*Rful I ) *i nv(Rful | " *Rful 1) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,'sigmBK ,' OmegaBK');

% MI' covar.: stored in columm 8
Psi 1=OmregaGvM



Cegb\ Progr ans\ esti maeq2_v7. m 5 of 11

Psi 2=(si gmaSt d2nd/ (si gmasSt d3rd”2))* Rfull'*. ..
Prmu* Rbar *i nv( Rbar ' *Pru* Rbar ) *Rbar ' *Pnu*Rf ul | ;
Psi 3=(1/ (sigmaStd3rd”2))*(Rfull' *resi Std3rd) *. ..
(resi Std2nd' *Pru* Rbar *i nv( Roar ' *Prru* Rbar ) *Rbar' *Pnu*Rf ul | ) ;
OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear('sigmStd3rd','sigmasStd2nd',' OregaGWM , "' Psil','Psi2', ...
"Psi 3", OnegaMI', 'resi Std2nd');

% store coefficients and standard errors (8 col ums)

st der=[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI] ;
rdoeg2(15). coef=rdoeq2(15).coef (:,1);
rdoeg2(15).coef(:,2:8)=[stder(1,:); %Wl

NaN( 1, 7); %2: enpty
stder(2,:); %1
NaN( 2, 7); 9X2, X3: enpty

stder(3,:); %4
stder(4,:); %5
stder(5,:); w1

NaN(1, 7); %2: enpty
stder(6,:); %3

NaN(1, 7); %ohi 1: enpty
stder(8,:); %hi2

NaN(1, 7); %rul: enpty

stder(7,:)]; %ru2
clear('resi Std3rd','  stderGW , ' stderHC1', "' stderHC2',' PR , ...

"stderLE ,'stderHC3','stderBK ,'stderMr ,'Rfull"', 'stder");
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 16, 17, 18: G3SPD_Cor n
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 1st stage
resi Cornlst=rdoeq2(16).resi;
si gmaCor nlst =(resi Cornlst' *Qru*resi Cornlst)/ (N*(T-1)-Kwave);
st der Cor nlst =di ag(si gmaCor nlst *i nv( Rnave' * Qmu* PA* Qru* Rwave)) . 0. 5;
rdoeq2(16).coef(:,2)=[stderCornlst(1,:); %Wl
NaN(1, 1); %y2: enpty
stderCornlst(2,:); X1
NaN(2, 1); 9X2, X3: enpty
stderCornlst(3,:); o%X4
stderCornlst(4,:); 9%X5
NaN(7,1)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty
clear('resiCornlst','sigmaCornlst','stderCornlst');

% 2nd st age
resi Corn2nd=rdoeq2(17).resi;
si gmaCor n2nd=(r esi Cor n2nd' * Pru*r esi Cor n2nd) / ( N- Kbar) ;
st der Cor n2nd=di ag( si gmaCor n2nd*i nv( Rbar"' * Pnu* PB* Phu* Rbar) ) . 0. 5;

rdoeq2(17).coef(:,2)=[ NaN(7,1); Wl,y2, X1, X2, X3, X4, X5: enpty
stder Corn2nd(1,:); w1
NaN(1, 1); %2: enpty

st der Cor n2nd( 2, :); %3
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% 3r

NaN(1, 1); %hi 1. enpty
stder Corn2nd(3,:); %ohi 2
NaN(2, 1)]; %rul, nu2: enpty

clear (' stder Corn2nd');

d stage
resi Corn3rd=rdoeq2(18).resi;
Rful I =[Y, X1, X4, X5, Z1, Z3, resi Corn2nd, ones(N*T, 1)]; % ul | dataset,

athe original vars. plus the estinmated Fi xed Effects
C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, resi Corn2nd, ones(N*T, 1)]; %et of instrunents

QRCC* C * Rf ul

ARCC C * R ul

QRCC* C' * Rf ul

QRCC* C * Rf ul

PC=C*i nv(C *C) *C ;
RCi nvCC=Rful | ' *C*i nv(C *C);

i ncludi ng¥

PR=Rful I *inv(Rful | "*Rful I )*Rful | '; %projection matrix of the regressors

K=si ze(Rful |, 2);

% GW covar.: stored in colum 2

si gmaCor n3rd=(resi Corn3rd' *resi Corn3rd)/ (N*T-K);
OnmegaGWWEsi gmaCor n3r d*i nv( RCi nvCC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 0. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(r esi Cor n3rd. ~2) *C;

OregaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC1* RC nvCC ) *i nv¥
1)

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCL' ,"' OnegaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi Corn3rd. *2)./(1-diag(PR)))*C;

OregaHC2=i nv( RC nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC2* RCi nvCC ) *i nv¥
1)

st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmHC2',' OregaHC2');

% VWH- LE covar.: stored in colum 5

epsi | onast =resi Corn3rd./ (1-diag(PR)); %psilon**

si gmaLE=C *di ag(epsi | onast.”"2)*C,

OregaLE=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaLE*RC nvCC ) *i nv¥
1)

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsi |l onast *epsi | onast' *C) ;

OnegaHC3=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nv¥
1)

st der HC3=di ag( OregaHC3) . 70. 5;

clear('epsilonast','sigmlLE ,'sigmHC3' ,' OregaHC3');

% BK covar.: stored in colum 7
E=reshape(resi Corn3rd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev
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mat f or each tine period.

OregaBK=i nv(RCi nvCC*C *Rful | ) *( RG nvCC*si gmaBK* RC nvCC' ) *i nv¥
OGRCC*C *Rful 1) ;

st der BK=di ag( OnegaBK) . 0. 5;

clear('E ,"'signmaBK' ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OmregaGvM

Psi 2=(si gmaCor n2nd/ ( si gnaCor n3rd”2))* Rful | ' * PC* PB* Pnu* Rbar *. . .
i nv( Rbar' * Pnu* PB* Pmu* Rbar ) * Rbar' * Pnu* PB* PC*Rf ul | ;

Psi 3=(1/ (si gmaCorn3rd”"2))*(Rful |l ' *PC*resi Corn3rd) *. ..
(resi Corn2nd' * PB* Pmu* Rbar *i nv( Rbar ' * Pru* PB* Pnu* Rbar ) ¥

¥ Rb&mu*PB* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmCorn3drd',"'sigmCorn2nd',' OregaGwWM ,"'Psil','Psi2',...
"Psi 3',"' OnegaMI' , 'resi Corn2nd');

% store standard errors

st der =[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI] ;
rdoeq2(18) . coef=rdoeq2(18).coef(:,1);
rdoeq2(18).coef(:,2:8)=[stder(1,:); W1l

NaN(1, 7); %y2: enpty
stder(2,:); %1
NaN( 2, 7); 9X2, X3: enpty

stder(3,:); %4
stder(4,:); %5
stder(5,:); w1

NaN(1, 7); %2: enpty
stder(6,:); %3

NaN(1, 7); %hi 1: enpty
stder(8,:); %hi2

NaN(1, 7); %rul: enpty

stder(7,:)]; %u2
clear('resi Corn3rd', " stderGW , 'stderHCLl' ,'stderHC2', ...
"stderLE' ,'stderHC3','stderBK ,'stderMr,'PR ,"'PC,"'Rfull"',...

"C,"RCinvCC ,'estimadores', ' Rfull','stder');
% %vet hod 19, 20: G3SPD_HTM

% 2nd st age
resi HTM2nd=r doeq2(19) . resi ;
si gmaHTM2nd=(r esi HTM2nd' * Pnu*r esi HTM2nd) / ( N- Kbar) ;
st der HTM2nd=di ag(si gmaHTM2nd*i nv( Rbar ' * Pmu* PBHT* Pnu* Rbar)) . 0. 5;

rdoeq2(19).coef(:,2)=[ NaN(7,1); %yl,y2, X1, X2, X3, X4, X5: enpty
stder HTM2nd( 1, :); %1
NaN(1, 1); %2: enpty
stder HTM2nd( 2, :); %3
NaN(1, 1); %hi 1. enpty
stder HTM2nd( 3, @) ; %ohi 2

NaN(2,1)]; %mul, nu2: enpty
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clear (' stder HTM2nd" ) ;

% 3rd Step:

resi HTM3r d=r doeq2( 20) . resi ;

Rful I =[Y, X1, X4, X5, Z1, Z3, resi HTM2nd, ones(N*T, 1)]; % ull dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, r esi HTM2nd, ones(N*T, 1)]; %et of instrunents

PC=C*inv(C *C) *C ;

RCi nvCC=Rful | ' *C*i nv(C *C);

PR=Rful I *inv(Rful Il "*Rful I )*Rful | '; %projection matrix of the regressors

K=si ze(Rful |, 2);

% GW covar.: stored in colum 2

si gmaHTM3r d=(r esi HTM3rd' *r esi HTM3rd) / ( N* T- K) ;
OnmegaGWEsi gmaHTMBr d*i nv(RC nvCC*C *Rf ul | ) ;
st der GWkEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gmaHC1=C *di ag(resi HTM3rd. ~2) *C,

OregaHCl=i nv(RG nvCC*C *Rf ul | ) * (RCi nvCC*si gnmaHC1* RCi nvCC' ) *i nv¥
ORCC*C *Rful | );

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl',"' OnegaHCl');

% WH- HC2 covar.: stored in colum 4

si gmaHC2=C *di ag((resi HTM3rd. *2) ./ (1-di ag(PR)))*C

OregaHC2=i nv( RC nvCC*C *Rf ul | ) * ( RCi nvCC* si gmaHC2* RCi nvCC ) *i nv¥
GRCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . ~0. 5;

clear('sigmaHC2',"' OnegaHC2');

% WH- LE covar.: stored in colum 5

epsi | onast =r esi HTM3rd. / (1-di ag(PR)); %psilon**

si gmaLE=C *di ag( epsi | onast."2) *C;

OregaLE=i nv(RCi nvCC*C *Rful I )*(RC nvCC*si gmaLE*RCi nvCC ) *i nv¥
GRCC*C *Rful | );

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnaLE- (C *epsi | onast *epsi | onast' *C) ;

OnegaHC3=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC3*RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der HC3=di ag( OregaHC3) . 0. 5;

clear (' epsilonast','sigmlLE ,'sigmHC3 ,' OregaHC3');

% BK covar.: stored in colum 7

E=reshape(resi HTM3rd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ance¥
imat f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gnmaBK*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;
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st der BK=di ag( OnegaBK) . *0. 5;
clear('E ,"'sigmaBK' ,"' OnegaBK');

% MI' covar.: stored in colum 8

Psi 1=OregaGvM

Psi 2=(si gmaHTM2nd/ (si gmaHTM3rd~2))* Rful | ' *PC* PBHT* Pnu* Rbar * . . .
i nv( Rbar' * Pnu* PBHT* Pmu* Rbar ) * Rbar' * Pnu* PBHT* PC* Rf ul | ;

Psi 3=(1/ (si gmaHTM3rd*2) ) *(Rful | * *PC*resi HTM3rd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar' * Pnu* PBHT* Pnu* Rbar ) ¢

¥ Rb&nmu* PBHT* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) * Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear('sigmHTM3rd',' OnegaGW , ' Psi 1',"'Psi2', ...
"Psi 3',"' OmegaMI');

% store standard errors

st der=[ st der GW st der HC1, st der HC2, st der LE, st der HC3, st der BK, st der MI] ;
rdoeqg2(20). coef=rdoeq2(20).coef(:,1);
rdoeq2(20).coef(:,2:8)=[stder(1,:); W1l

NaN(1, 7); %2: enpty
stder(2,:); %1
NaN(2, 7); 9X2, X3: enpty

stder(3,:); %4
stder(4,:); %5
stder(5,:); w1

NaN(1, 7); W2: enpty
stder(6,:); %3

NaN(1, 7); Y%hi 1: enpty
stder(8,:); %hi2

NaN(1, 7); %rul: enpty

stder(7,:)]; %u2
clear('resi HTM3rd' , ' stder','stderGwW , ' stderHCl',' stderHC2', ...
"stderLE','stderHC3','stderBK ,'stderM,'PR,"'PC,'Rfull"',...
"C,"RC nvCC ,"'Rfull");

0/(;:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 25: G3SPD _HTMNew (New version using the HT set of

% instruments in the 3rd Step estimation)
0/(;:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% 1st Step:
% i dem G3SPD_HTM

% 2nd St ep:
% i dem G3SPD_HTM

% 3rd Step
Rful l =single([Y, X1, X4, X5, Z1, Z3, resi HTM2nd, ones(N*T, 1)]); % ull dataset, ¢
udchg all the original vars. plus the estimted Fi xed Effects
C=[ A, BHT, resi HTM2nd] ; % et of instrunents
PC=C*inv(C *C) *C ;
PR=Rful I *inv(Rful | "*Rful I )*Rful I '; %projection matrix of the regressors
RCi nvCC=Rful | ' *C*i nv(C *C);
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K=si ze(Rful I, 2);

% Coefficients: stored in colum 1
t het aHTMNEWEI nv( RCi nvCC*C *Rf ul | ) *RCi nvCC*C *y;
resi HTMNEWBr d=y- Rf ul | *t het aHTMNEW

% GWM covar.: stored in colum 2

si gmaHTMNEWBr d=(r esi HTMNEWBr d' *r esi HTMNEVBrd) / (N* T- K) ;
OnegaGWMEsi gmaHTIMNEVBr d* i nv( RCi nvCC*C *Rful | ) ;

st der GWkEdi ag( OregaGwM) . 70. 5;

% WH- HC1 covar.: stored in colum 3

si gnmaHC1=C *di ag(r esi HTMNEWBr d. ~2) * C,

OnegaHCl=i nv(RG nvCC*C *Rf ul | ) * ( RCi nvCC*si gnmaHC1*RCi nvCC' ) *i nvy
ORCC*C *Rful 1) ;

st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2 covar.: stored in colum 4

si gnmaHC2=C *di ag( (resi HTMNEWBrd. ~2)./(1-di ag(PR))) *C;

OnegaHC2=i nv(RG nvCC*C *Rf ul | ) *( RCi nvCC*si gmaHC2* RCi nvCC' ) *i nv¥
GRCC*C *Rful 1) ;

st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmaHC2',"' OnegaHC2');

% VWH- LE covar.: stored in colum 5

epsi | onast =r esi HTMNEWBrd. / (1-di ag(PR)); %psilon**

si gmaLE=C *di ag( epsi | onast."2)*C;

OregalLE=i nv(RCi nvCC*C *Rful | ) *(RC nvCCrsi gnaLE*RC nvCC ) *i nvk
ORCC*C *Rful | );

st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE");

% WH- HC3 covar.: stored in colum 6

si gmaHC3=si gnmaLE- (C *epsil onast *epsi | onast' *C) ;

OregaHC3=i nv(RG nvCC*C *Rful | ) *(RCi nvCC*si gmaHC3*RCi nvCC' ) *i nvk
ORCC*C *Rful | );

st der HC3=di ag( OregaHC3) . ~0. 5;

clear (' epsilonast','sigmlLE ,'sigmHC3 ,' OregaHC3');

% BK covar.: stored in colum 7

E=r eshape(resi HTMNEWBrd, T, N); %arrange the set of OLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, “Beck & Katz (1995) covari ancev¥
mat f or each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gnmaBK*RCi nvCC ) *i nv¥
ORCC*C *Rful | );

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,'sigmaBK' ,' OnegaBK');

% MI' covar.: stored in colum 8
Psi 1=OmregaGvM
Psi 2=(si gmaHTM2nd/ (si gmaHTMNEWBr d~2) ) * Rf ul | ' * PC* PBHT* Pmu* Rbar * . . .
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i nv( Rbar' * Prmu* PBHT* Pnu* Rbar ) * Rbar ' * Pnu* PBHT* PC*Rf ul | ;
Psi 3=( 1/ (si gmaHTIMNEWBr d”2) ) * (Rful | * * PC*r esi HTMNEVBrd) *. . .
(resi HTM2nd' * PBHT* Pnu* Rbar *i nv( Rbar' * Pmu* PBHT* Pnu* Rbar ) ¢

¥ Rb&mu* PBHT* PC*Rf ul | ) ;

OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;

clear (' si gmaHTMNEVBrd' ,' OregaGW , ' Psi 1', " Psi2', ...
"Psi 3", OnegaMI' , ' resi HTMnd' , ' si gmaHTM2nd' ) ;

% store coefficients and standard errors (8 col ums)
st der=[t het aHTMNEW st der GW st der HCL1, st der HC2, st der LE, st der HC3, st der BK, v

siig;
rdoeg2(25).coef=[stder(1,:); %Wl
NaN( 1, 8); %2: enpty
stder(2,:); %l
NaN( 2, 8) ; X2, X3: enpty
stder(3,:); %4
stder(4,:); %5
stder(5,:); w1
NaN( 1, 8); %2: enpty
stder(6,:); %3
NaN(1, 8); %ohi 1: enpty
stder(8,:); %hi2
NaN( 1, 8); %rul: enpty
stder(7,:)]; %2
rdoeq2(25).resi=resi HTMNEWBr d;
clear('resi HTMNEWBrd','thetaHTMNEW , ' stder GV , ' stder HC1' , ' stder HC2', . ..
"stderLE' ,'stderHC3','stderBK ,'stderMr' ,'PR ,"PC ,"Rfull’', ...
"C,'RC nvCC ,'estinmmdores', ' Rfull');
% Save results
if exist(['C: \Di ego\Si mNewFE\eq2\esti _eq2 ' nunRstr(nt,  %3.0f") ' ' nunm2strw
(rho "98.0f" )], "dir")~=7
nkdir ([' C\Di ego\ Si mNewFE\ eq2\ esti _eq2_" nunRstr(nt,' %3.0f") ' _' nun@str«
(rho "98.0f")]);
end
filenane=["' C:\ D ego\ S mNewrE\ eq2\esti _eq2_ ' nunstr(nt,  %3.0f") ' ' nun@strv
(rho "93.0f")...
‘\esti _eg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,  %3.0f") ' ' nunstr¥
(obs " 9%t.0f")];
save(fil enane, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
cl ear (' rdoeqg2');
end
toc
end

end
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% Functi on ESTI MAEQ2_ALTER_V1
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzin

function estimeq2_alter_vl

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%yl, X1, X4, X5, ZzZ1, Z3, VarPhi 2 (constant), Phi2 (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) ' ="' nunm@str(T)]);
d| Sp( ! oo ——————————————————————=' )'

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) % eleven rho (sigmanu/signmaepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt, ' %3.0f") ' ' numstr(rho, ' ¥3.0f")];
| oad(filenane, ' X1','X2',"X3","'X4","'X5","Zz1","'Z72",'23");
filenanme=["'.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=singl e(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes
R R R R
Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

for obs=1:1:1000 %4000 experinents for each conbination of (nt,rho)
di sp([’ oservation: ' nunRstr(obs)]);
y=si ngl e(dat os(1,0bs).Y(:,2)); %lependent var
Y=si ngl e(dat os(1, obs). Y(:,1)); %ndogenous var
Rwave=[Y, X1, X4, X5]; %Eq. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
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filenane=['.\eqg2\esti_eq2 ' nunm@str(nt,"'9%3.0f") ' ' nunRstr(rho," %3.0f")...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstre
(obs "9%t.0f"')];

| oad(fil enane, ' rdoeq2');
B e e EEs
% 1st Step: FEBal
e e e S e eSS

redo(1). coef =rdoeq2(3). coef;

redo(1).resi=rdoeq2(3).resi;

t het aFE=redo(1).coef (2:5,1);
e e e e e e e e e
% 2nd Step: BEBal
R e e e e e

redo(2). coef =rdoeq2(5). coef;

redo(2).resi=rdoeq2(5).resi;

t het aBE=[redo(2).coef(8:9,1);

redo(2).coef(11,1)];
e e e e e e  aa e
% 3rd Step: MiHat
YF==========-===SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=SSSSSSSSS============

uhat =Prmu*y- Pnu* Rnave*t het aFE;

MiHat =uhat - Rbar *t het aBE;

redo(3).resi =MuHat ;
YF==========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=======
% 4th Step: Pooled COLS
YF==========SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=S========

Rful | =si ngl e([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat]); % ull dataset, including¥
athe original vars. plus the estimted Fixed Effects

C=[ X1, X2, X3, X4, X5, 71, 72, Z3, ones(N*T, 1), MuHat ] ; %et of instruments

RCi nvCC=Rful | ' *C*inv(C *C);

K=si ze(Rful |, 2);

% Coefficients: stored in colum 1
t het aCor n=i nv( RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi =y- Rful | *t het aCorn;

% GWM covar.: stored in colum 2

si gmaGWE(resi ' *resi )/ (N T-K);
OnegaGWWEsi gmaGUIVFi nv( RCi nvCC*C *Rful | ) ;
st der GWEdi ag( OregaGwWM) . 70. 5;
clear('sigmaGW , ' OregaGW ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of COLS residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ance¥
imat for each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gnmaBK*RCi nvCC' ) *i nvi
ORCC*C *Rful 1) ;
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st der BK=di ag( OnegaBK) . *0. 5;
clear('E ,"'sigmaBK' ,"' OnegaBK');

% store coefficients and standard errors (3 col ums)

redo(4). coef =[t het aCor n, st der GW st der BK] ;

redo(4).resi=resi

clear('resi','"thetaCorn','stderGwW ,'stderBK ,'Rfull', ...
"C,"RG nvCC)

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
if exist(['.\eg2 alter\esti_eg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho, "' %3. 0¥
f')1,"'dir )~=7
nkdir(['.\eq2 alter\esti _eq2 ' numstr(nt,"'%3.0f") ' ' nunRstr(rho,"' %3. Ov
1)
end
filenane=['.\eq2 alter\esti_eq2 ' num2str(nt, ' %3.0f"') " " nunRstr(rho,' ¥3. Ov
fry...
‘\esti _eqg2 ' nun2str(nt,' %3.0f") ' ' nun2str(rho,'%3.0f") ' ' nunRstr¥

(obs "9%t. 0f')];
save(fil ename, ' redo');
di sp([filename ' guardado. Continuar...']);
clear('rdoeqg2','redo');

end
toc
end
end
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% Functi on ESTI MAEQ2_ALTER_V2
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzin

function estinmeq2_alter_v2

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 2:
%yl, X1, X4, X5, ZzZ1, Z3, VarPhi 2 (constant), Phi2 (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) ' ="' nunm@str(T)]);
d| Sp( ! oo ——————————————————————=' )'

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) % eleven rho (sigmanu/signmaepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenanme=["'c:\di ego\Si mMNewrE\ base\ base ' numRstr(nt,"'%3.0f") ' ' nunRstr(rho," %
3.0f )1;

load(fil ename, ' X1',' X2'," X3',"X4","X5',"'z1',"'72","'Z723");

filenanme=['c:\di ego\ S mNewrE\ case\case ' numRstr(nt," %3.0f") ' ' nunRstr(rho," %
3.0f )];

| oad(fil enane, ' datos');
X1=singl e( X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeterm ned matri xes

D

BHT=si ngl e( Pmu*[ X1, X4, X2, X3, Z1, Z2, ones(N*T, 1)]); %between instrunents
PBHT=BHT*i nv( BHT' * BHT) * BHT" ;

for obs=1:1:1000 %1000 experinents for each conbinati on of (nt,rho)
disp([’ observation: ' nun2str(obs)]);
y=si ngl e(dat os(1,0bs).Y(:,2)); %lependent var.



Cepb\ Prograns\ esti maeq2_alter _v2. m 2 of 3

Y=si ngl e(dat os(1, obs).Y(:,1)); %ndogenous var

R=[Y, X1, X4, X5, 71, Z3, ones(N*T, 1)]; %eqg. 1, all regressors: Y, x3, z3 arev
gedous

K=si ze(R, 2);

filenane=['c:\diego\S mNewrE\eq2\esti _eq2 ' nunRstr(nt,'  %3.0f") ' ' nunm@strv¢
(rho "938.0f")...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstr¥
(obs "9%t.0f")];
| oad(fil enane, ' rdoeq2');

e e S e e
% Move Methods (6 to 25) to (7 to 26)
R e e e e e e e
for met=25:(-1):6
if size(rdoeqg2(net).coef,2)>0
rdoeg2(nmet +1) . coef =z[ rdoeq2(net). coef (1,:); %yl
rdoeq2(net). coef (3,:); 91
rdoeq2(net).coef (6:8,:); %4, X5,71
rdoeq2(net). coef (10, :); %3
rdoeq2(net). coef (12,:); %/ar phi 2
rdoeq2(net).coef (14,:)]; %hi?2
rdoeqg2(net +1) . resi =rdoeq2(nmet).resi;
rdoeq2(net +1) . st at s=rdoeq2(net). stats;
el se
rdoeq2(net +1). coef =[];
rdoeq2(net+1).resi=[];
rdoeg2(net +1).stats=[];
end
end
Q== =——=—=———=—————————————————-—————————————————————————————————————————————=
% Met hod 6: BEHTM
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
t het aBEHTMEiI nv( R * Pmu* PBHT* Pmu* R) * R * Pru* PBHT* Prru* y;
r esi BEHTM=Pnu* y- Pnu* R*t het aBEHTM
si gmaBEHTM=(r esi BEHTM *Pnu*r esi BEHTM / ( N- K) ;
st der BEHTM=di ag( si gmaBEHTMF i nv( R * Pmu* PBHT* Pru*R) ) . 20. 5; %ew std. errors
esti madores=[t het aBEHTM st der BEHTM ;
rdoeq2(6). coef =[ esti madores; NaN(1,2)]; %hil is enpty
rdoeq2(6). resi=resi BEHTM
clear('thetaBEHTM ,'resi BEHTM , ' stder BEHTM , ' esti nadores');
R e e e e e e e e e e e P P S e
% Arrange Methods (1 to 5)
R e e e e e e

if size(rdoeqg2(net).coef,2)>0
rdoeq2(net).coef=[ rdoeqg2(net).coef(1,:); %l
rdoeq2(net). coef (3,:); 91
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rdoeg2(net).coef (6:8,:); %4, X5,71
rdoeg2(net). coef (10,:); %3
rdoeg2(net).coef (12,:); %/ar phi 2
rdoeg2(net).coef(14,:)]; % hi?2
end
end
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
if exist(['c:\diego\SinLastFE\esti _eqg2\esti_eq2 ' nunm@str(nt,'93.0f") ' '¥
stn@r ho "98.0f")], dir)~=7
nmkdi r([' c:\di ego\ Si mLast FE\ esti _eqg2\esti _eq2 ' nunstr(nt, ' %3.0f") ' 'v¢
sun@r ho "93.0f')]);
end
filenanme=['c:\diego\Si nLast FE\esti _eqg2\esti _eq2 ' nunstr(nt, ' ¥3.0f") ' '«
stungr ho, "o8.0f"). ..
‘\esti _eqg2 ' nunstr(nt,' %3.0f") nunmgstr(rho, ' ¥38. 0f ") nungstr ¥
(obs "9%t. 0f')];

end

end

end
toc

save(fil ename, ' rdoeq2');

di sp([fil enane
cl ear (' rdoeqg2');

guar dado.

Continuar...']);
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% Functi on ESTI MAEQ2_ALTER_V3
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzin

function estimeq2_alter_v3

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%y2, X1, X2, X3, Z1, Z2, VarPhil (constant), Phil (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' = ' nunmkstr(N) ' ="' nunm@str(T)]);
d| Sp( ! oo ——————————————————————=' )'

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('Zmu');

for rho=1:1:size(rhocases,1) % eleven rho (sigmanu/signmaepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% open files containing variables and convert to single
clear (' X1'," X2'," X3","'X4" " X5',"z1","'z2',"'Z3" ," ' datos');

filenane=['.\base\base ' nunstr(nt, ' %3.0f") ' ' numstr(rho, ' ¥3.0f")];
| oad(filenane, ' X1','X2',"X3","'X4","'X5","Zz1","'Z72",'23");
filenanme=["'.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=singl e(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%oredeternm ned matri xes
R R R R
Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

for obs=1:1:1000 %4000 experinents for each conbination of (nt,rho)
di sp([’ oservation: ' nunRstr(obs)]);
y=si ngl e(dat os(1,0bs).Y(:,2)); %lependent var
Y=si ngl e(dat os(1, obs). Y(:,1)); %ndogenous var
Rwave=[Y, X1, X4, X5]; %Eq. 1, all regressors: Y, x3, z3 are endogenous
Kwave=si ze( Rwave, 2);
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filenanme=['.\esti_eq2\esti_eqg2_' nun2str(nt, 9%3.0f") '_' nunRstr(rho,' %3. Ov
fry...
‘\esti _eqg2 ' nun@str(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstr¥
(obs "9%t.0f")];

| oad(fil enane, ' rdoeq2');
(VF:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 27,28: GSPD _Std_alter 3rd Step
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%gener at es pseudo-effects (stored in 27)

t het aFESt d=r doeq2(2).coef(1:4,1);

t het aBESt d=r doeq2(4) . coef(5:7,1);

MuHat =Prmu*y- Pmu* Rwave*t het aFESt d- Rbar *t het aBESt d;
rdoeq2(27).resi =MuHat ;

%estimation (stored in 28)

Rful | =singl e([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat]); % ull dataset, including¥
athe original vars. plus the estimated Fi xed Effects

K=si ze(Rful |, 2);

% Coefficients: stored in colum 1
thetaStd=inv(Rful Il " *Rful [ )*Rful | ' *vy;
resi=y-Rful | *t hetaSt d;

% GW covar.: stored in colum 2

si gmaGWMVE(resi ' *resi )/ (N*T-K);
OregaGWVFsi gmaGUIMFi nv(Rful | " *Rful 1) ;
st der GWWdi ag( OregaGW) . ~0. 5;
clear('signmaGW , ' OregaGW ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of residuals

si gmaBK=kron((E *E)./(T-K), eye(T)); %Beck & Katz (1995) covariance matrix forw
etche period.

OregaBK=i nv(Rful I " *Rful I )*(Rful | ' *si gmaBK*Rf ul [ ) *i nv(Rful | ' *Rful | ) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E ,"'sigmaBK' ,"' OnegaBK');

% store coefficients and standard errors (3 col ums)

rdoeq2(28).coef=[thetaStd, stder GW st der BK];

rdoeq2(28).resi=resi;

clear('resi',"thetaFEStd','thetaBEStd',' MuHat','Rfull"', ...
"thetaStd' ,'stderGW , ' stderBK');

% Met hod 29, 30: G3SPD _Corn_alter 3rd Step
%gener at es pseudo-effects (stored in 29)

t het aFEBal =r doeq2(3).coef(1:4,1);
t het aBEBal =r doeq2(5).coef(5:7,1);
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MuHat =Prmmu* y- Pmu* Rwave* t het aFEBal - Rbar *t het aBEBal ;
rdoeq2(29).resi =MiHat ;

%estimation (stored in 32)

Rful | =singl e([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat]); % ul | dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,0ones(N*T, 1), MuHat]; % et of instrunents

RCi nvCC=Rful | ' *C*i nv(C *C);

K=si ze(Rfull, 2);

% Coefficients: stored in colum 1
t het aCor n=i nv( RCi nvCC*C *Rful | ) *RCi nvCC*C *y;
resi =y- Rful | *t het aCorn;

% GW covar.: stored in colum 2

si gmaGWE(resi ' *resi )/ (N T-K);
OnmegaGWEsi gmaGVFi nv( RCi nvCC*C *Rful | ) ;
st der GWEdi ag( OregaGW) . 0. 5;
clear('sigmaGW , "' OnegaGW ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covariance¥
mat for each tine period.

OregaBK=i nv( RCi nvCC*C *Rf ul | ) * ( RG nvCC*si gmaBK* RCi nvCC' ) *i nvk
ORCC*C *Rful |);

st der BK=di ag( OnegaBK) . *0. 5;

clear('E ,"'sigmaBK' ,' OnegaBK');

% store coefficients and standard errors (3 col ums)

rdoeq2(30) . coef =[t hetaCorn, stder GYM NaN( 8, 4), stderBK, NaN( 8, 1)];

rdoeq2(30).resi=resi;

clear('resi', ' thetaCorn','stderGwW ,'stderBK ,'C ,'RC nvCC,...
"thetaFEBal ', 't hetaBECorn');

% Met hod 31, 32: GSPD HTM alter 3rd Step

%gener at es pseudo-effects (stored in 31)

t het aFEBal =r doeq2(3).coef(1:4,1);

t het aBEHTME=r doeq2(6) . coef (5:7,1);

MuHat =Prmmu* y- Pmu* Rwave* t het aFEBal - Rbar *t het aBEHTM
rdoeg2(31).resi =MuHat ;

%estimation (stored in 32)

Rful | =si ngl e([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat ]); % ul | dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,0ones(N*T, 1), MuHat]; % et of instrunents

RCi nvCC=Rful | ' *C*i nv(C *C);

K=si ze(Rfull, 2);
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% Coefficients: stored in colum 1
t het aHTM=i nv(RCi nvCC*C *Rf ul | ) *RCi nvCC*C *vy;
resi =y-Rful | *t het aHTM

% GWM covar.: stored in colum 2

si gmaGWE(resi ' *resi )/ (N T-K);
OnmegaGWMEsi gmaGMVFi nv( RCi nvCC*C *Rful | ) ;
st der GWEdi ag( OregaGWM) . 70. 5;
clear('sigmGW ,' OregaGwW ) ;

% BK covar.: stored in colum 3

E=reshape(resi,T,N); %arrange the set of residuals

si gmaBK=C *kron((E *E)./(T-K), eye(T))*C, %Beck & Katz (1995) covari ancev¥
imat for each tine period.

OnegaBK=i nv( RCi nvCC*C *Rf ul | ) * (RC nvCC*si gmaBK*RCi nvCC' ) *i nve
ORCC*C *Rful | ) ;

st der BK=di ag( OnegaBK) . ~0. 5;

clear('E,'sigmBK ,' OnegaBK');

% store coefficients and standard errors (3 col ums)

rdoeq2(32) . coef=[thetaHTM st der GV NaN( 8, 4), st der BK, NaN( 8, 1) ];

rdoeq2(32).resi=resi;

clear('resi','thetaHTM ,'stderGW ,'stderBK ,'C ,'RC nvCC,...
"thetaFEBal ' ,'thetaBEHTM );

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
filename=["'.\esti_eqg2\esti_eq2_' nunm@str(nt, ' %3.0f") '_' numstr(rho,"' %3. 0¥
fry...
‘\esti_eq2_' nunRstr(nt,"93.0f") '_' nunRstr(rho,  %3.0f") '_' nun@strw«

(obs "%.0f")];
save(fil enane, 'rdoeq2');
di sp([filenanme ' guardado. Continuar...']);
clear('rdoeqg2','redo");

end
toc
end
end
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% Functi on ESTI MAEQ2_ALTER_V4
% Thi s program perform conpl ementary estimations for EQUATION 1
% Aut hor: Di ego Avanzi ni

function estimeq2_alter_v4

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

% r der of coefficients in Equation 1:
%yl, X1, X4, X5, Z1, Z3, VarPhi 2 (constant), Phi2 (Mi)

for nt=1:1:size(ntcases,1l) %even conbinations of N and T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp([' Caso: ' nunRstr(nt) ' N= ' num@str(N) = nungstr(T)]):

Zmu=si ngl e(kron(eye(N),ones(T, 1)));
Pru=si ngl e( Znu*i nv(Zmu' *Znu) *Znu' ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;
clear('zZm');

for rho=1:1:size(rhocases,1l) %eleven rho (sigmanmu/sigmepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% open files containing variables and convert to single
clear("X1',"'X2',"' X3","X4","X5'," 71" ,'Zz2",' 73" ,"'datos');

filenane=['.\base\base ' nunRstr(nt,' %3.0f") ' ' nunmstr(rho,  %3.0f")];
| oad(filenane, ' X1','X2',"'X3","'X4","'X5","Zz1","'272",'23");
filenanme=['.\case\case ' nunRstr(nt,'93.0f"') ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

Rbar =si ngl e([ Z1, Z3, ones(N*T, 1)]);

Kbar =si ze( Rbar, 2);

%oredeternm ned matri xes

i ni ci obs=1;
% if nt==1 && rho==2;i ni ci obs=187; end

for obs=iniciobs:1:1000 %4000 experinents for each conbination of (nt,rho)
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di sp([’ Oobservation: ' nun@str(obs)]);
y=si ngl e(dat os(1, obs). Y(:,2)); %lependent var.

Y=si ngl e(dat os(1, obs).Y(:,1)); %ndogenous var.

Rwave=si ngl e([Y, X1, X4, X5]);

Kwave=si ze( Rnave, 2);

filenane=["'.\esti _eqg2\esti _eqg2 ' nun@str(nt, ' %3.0f") ' ' nunstr(rho, "' %3. Or
fry...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "9%t.0f")];
| oad(fil enane, ' rdoeq2');

% Met hod 30: G3SPD Corn_alter 3rd Step

MuHat =r doeq2(29) . resi;

Rful I =single([Y, X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat]); % ull dataset, including¥
athe original vars. plus the estinmated Fi xed Effects

C=[ X1, X2, X3, X4, X5, Z1, Z2, Z3,0ones(N*T, 1), MuHat]; % et of instrunents

PC=C*inv(C *Q)*C ;

K=si ze(Rful |, 2);

% obtain residuals and V
resi 1=squeeze(rdoeq2(30).resi);
resi 2=squeeze(rdoeq2(3).resi);
% resi 3=Pnu*y- Rbar *squeeze(rdoeq2(5).coef(5:7,1));
resi 3=( Pmu* Rwave*squeeze(rdoeq2(3).coef (1:4,1))+MiHat)/T;
resi=[resil,resi2, resi3]; %esiduals (O.S 3rd step, Wthin, ~between)

dof 1=N*T- K;
dof 2=N*(T- 1) - Knave;
dof 3=(N*T- (K-1));

dof =[ dof 1, dof 1, dof 1;
dof 1, dof 2, dof 2;
dof 1, dof 2, dof 3] ;
V=(resi'*resi)./dof;
clear('resil' ,'resi2','resi3 ,'resi', "dof");
%obtain S
QRwavebar =eye( N*T) - Pnu* Rwave*i nv( Rwave' * Pnu* Rwave) * Rnave' * Pnu;
Sl=eye(N*T);

S2=Prmu* Rwave*i nv( Rwave' * Qru* Rnave) * Rwave' * Qmu;
S3=Rbar *i nv( Rbar' * QRwavebar * Rbar ) * Rbar ' * QRwavebar ;
S=[S1 S2 S3];

clear('Ss1',"'S2","'S3","' QRwavebar');

%obt ai n Si gna

si gmaAdj OLS=S*kron(V, eye(N*T))*S';

OregaAdj OLS=i nv(Rful | " *PC*Rful I ) *(Rful | ' *PC*si gmaAdj OLS*PC*Rf ul | ) *i nvg
(RFOPC*Rful I');
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clear('V ,'S,'signmAdj OLS");
st der new=di ag( OregaAdj OLS) . *0. 5; %ew std. errors
rdoeq2(30).coef(:,9)=stdernew, %tore new std. errors in colum 9

%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Save results
%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
filenane=["'.\esti _eqg2\esti _eqg2 ' nun@str(nt, ' %3.0f") ' ' nunstr(rho, ' %3. 0¥
fry...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstre

(obs "9%t. 0f')];
save(fil enanme, ' rdoeq2');
disp([filenane ' guardado. Continuar...']);
clear('rdoeq2','redo");

end
toc
end
end
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% Functi on ESTI MASYS_ V1
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzi ni

function estimasys_vl

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

disp( '::::::::::::::::::::::::::::::::::::::::::::::::::::::');
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients

disp( " e );
di sp([’ Rho= ' nun2str(rho)])

disp( " s ");
tic

% oad vari abl es and esti mated covari ance matri xes
clear (' X1',"'X2',"X3","X4"',"'X5","z1',"'2Z2","Z3" ,"mul", ' nu2','datos', ' correl');

filenane=['.\base\base ' nunRstr(nt,'  %3.0f") ' ' numstr(rho,  %3.0f")];

load(filenanme,' X1','X2',"X3","X4","'X5',"z1","2z2","Z3" ,"mul","'mu2','correl");

filenanme=['.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');

if exist(['.\sistema\esti _sys ' nunRstr(nt, %3.0f") ' ' nunm@str(rho,' ¥3. Ov
f')],"'dir )~=7

nmkdir(['.\sistema\esti_sys ' nunm@str(nt, " 9%3.0f") ' ' nunRstr(rho,"' %3.0f")]);
end

% predeterm ned matri xes

0 T

% vars. for the 2nd. stage of G3SPD

Rlbar=si ngl e([ Z1, Z2,0ones(N*T, 1)]); % qg. 1 between regressors

R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % qg. 2 between regressors

Roar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors

Kbar =si ngl e(si ze(Rlbar, 2));

% instrunents for pool ed regression

A=si ngl e(kron(eye(Q, ([ X1, X2, X3, X4, X5, Z1, Z2, Z3,0nes(N*T, 1)]))); %l | instrunents
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% instrunents for the within regression

Awave=si ngl e(kron(eye( G, Qumu* ([ X1, X2, X3, X4, X5]))); %ithin instrunents

% instrunments for the between regression

Bbar =si ngl e(kron(eye( G, Pnu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T, 1)]))); %between¥
rosent s

% instrunents for the HT between regression

BHT1=si ngl e( Pmu* [ X1, X2, X4, X5, Z1, Z3,0ones(NT, 1)]); % q. 1: HT between instrunents

i f rank(BHT1) <si ze(BHT1, 2) ; BHT1=BHT1(:, 1: rank(BHT1)) ; end

BHT2=si ngl e( Pmu* [ X1, X4, X2, X3, Z1, Z2,0ones(NT, 1)]); % q. 2: HT between instrunents

i f rank(BHT2) <si ze(BHT2, 2) ; BHT2=BHT2(:, 1: rank(BHT2)) ; end

BHT=si ngl e( bl kdi ag(BHT1, BHT2)); %ystem HT 'between' instrunments

% instrunents for the AM between regression

BAML=si ngl e( Pmu*[ SA([ X1, X2] , N, T), SA([ X4, X5], N, T), Z1, Z3,ones(N*T,1)]); %q. 1. Aw
benwi nst rument s

i f rank(BAML) <si ze( BAML, 2) ; BAML=BAML(: , 1: rank( BAML) ) ; end

BAM2=si ngl e( Pmu*[ SA([ X1, X4] , N, T), SA([ X2, X3], N, T), Z1, Z2,ones(N*T,1)]); %q. 2: Aw
benwi nst rument s

i f rank( BAMR) <si ze( BAMZ, 2) ; BAMR=BAMZ(:, 1: rank( BAM2)) ; end

BAMEsi ngl e( bl kdi ag( BAML, BAM2) ) ; %ystem AM 'between' instrunents

i nstrunments for the BMS between regression

BBMS1=si ngl e( Pmu*[ SA([ X1, X2] , N, T), SA([ X4, X5] , N, T), Z1, Z3, SA(Qmu* X3, N, T), ones( N*T, v
1]) %q. 1. BMS between instrunents

i f rank(BBMs1) <si ze( BBMB1, 2) ; BBMS1=BBMS1(:, 1: rank(BBMs1)) ; end

BBMS2=si ngl e( Pmu*[ SA([ X1, X4] , N, T), SA([ X2, X3] , N, T), Z1, Z2, SA(Qmu* X5, N, T), ones(N*T, ¢«
1]) %q. 2: BMS between instruments

i f rank(BBMS2) <si ze( BBM52, 2) ; BBMS2=BBMS2( : , 1: r ank( BBM52) ) ; end

BBMS=si ngl e( bl kdi ag( BBMS1, BBMB2) ); %system BMS ' between' instrunments

for obs=1:1:1000 %000 experinments for each conbinati on of (nt,rho)

di sp([" Observation: ' nun2str(obs)]);
filename=["'.\varianza\vari_' num@str(nt, ' 9%3.0f") "_' nunmRstr(rho,"'9%3.0f")«
“\vari ' nunRstr(nt,'93.0f") ' " num@str(rho,'%3.0f"'") ' ' nunRstr(obs, "' %

4.0f )];

| oad(fil enane, ' bigsigm');

y=si ngl e([datos(1, obs).Y(:,1);datos(1,0bs).Y(:,2)]); Y%tacked y

Rl=si ngl e([datos(1,0bs).Y(:, 2), X1, X2, X3, Z1, Z2, ones(N*T,1)]); %q. 1 allw
eegors

R2=si ngl e([datos(1,0bs).Y(:,1), X1, X4, X5, 71, Z3, ones(N*T, 1)]); %q. 2 allwv
esgors

R=si ngl e(bl kdi ag(R1, R2)); %ystemall regressors

K=si ngl e(si ze(R 2));

Rbar BE=si ngl e( bl kdi ag( Pmu*R1, Pnu*R2)); % o estinate BE

Rlwave=si ngl e([dat os(1, obs). Y(:,2) X1 X2 X3]); %Eqg. 1 within regressors

R2wave=si ngl e([dat os(1, obs). Y(:,1) X1 X4 X5]); %Eqg. 2 within regressors

Rwave=si ngl e( bl kdi ag( Rlwave, R2wave)); %ystemw thin regressors

Kwave=si ngl e(si ze( Rwave, 2));

clear rdo
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
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[rdo. coef,rdo.resi,rdo.stats] =G3SLS2(R, eye(N*T), kron(bi gsi gnma(1l).vari, eyer
INA Y, GNT);

rdosys(1).coef=[ NaN(1, 2); %1l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef(2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2) ; 9x4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %ohi 2, mul, mu2: enpty
rdo. coef (8,:); %yl EQ 2
NaN( 1, 2); %2: enpty
rdo. coef (9, :); o1
NaN( 2, 2) ; X2, X3: enpty
rdo. coef (10, :); 9X4
rdo. coef (11, :); 95
rdo. coef (12, :); %1
NaN( 1, 2); %2: enpty
rdo. coef (13,:); w3
NaN( 1, 2); %ohi 1
rdo. coef (14, :); %hi 2
NaN( 2, 2)1; %rul, nu2: enpty

rdosys(1).resi=rdo.resi;
rdosys(1).stats=rdo.stats

YF==========S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=======
%vet hod 2: FEStd
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
[rdo. coef, rdo. resi,rdo. stats] =G3SLS2( Rwave, Qru, kron( bi gsi gma(2).vari, Qm), ¢
Anvgy G N, T) ;
rdosys(2).coef=[ NaN( 1, 2); %l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef(2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); %X3
NaN( 9, 2) ; X4, X5, Z1, 72, Z3, phi 1, phi 2, mul, nu2: enpty
rdo. coef (5,:); %Wl EQ 2
NaN( 1, 2); %2: enpty
rdo. coef (6,:); X1
NaN( 2, 2) ; X2, X3: enpt y
rdo. coef (7,:); x4
rdo. coef (8,:); 9x5
NaN(7,2)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty
rdosys(2).resi=rdo.resi
rdosys(2).stats=rdo. stats;
e e e e e e e e e e
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[rdo. coef, rdo. resi,rdo. stats] =G3SLS2( Rwave, Qru, kron( bi gsi gma(3).vari,Qm), ¥

Ay G N, T) ;
rdosys(3).coef=[ NaN(1, 2); %1l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef(2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 9, 2) ; x4, X5, Z1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty
rdo. coef (5,:); %yl EQ 2
NaN( 1, 2); %y2: enpty
rdo. coef (6,:); 91
NaN( 2, 2) ; 92, X3: enpty
rdo. coef (7,:); 9x4
rdo. coef (8,:); 95
NaN(7,2)]; %1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty
rdosys(3).resi=rdo.resi;
rdosys(3).stats=rdo. stats;
R e e e e e e e e
%vet hod 4: BEStd
e e e e e e e e
[rdo.coef,rdo.resi, rdo. stats]=G3SLS2( Rbar BE, Pmu, kr on( bi gsi gma(4).vari, Pm), ¢
BpaG N, T);
rdosys(4).coef=[ NaN( 1, 2); %Wl: enpty EQ 1
rdo. coef (1,:) %y 2
rdo. coef (2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 93
NaN( 2, 2) ; 9X4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); W3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %hi 2, mul, nu2: enpty
rdo. coef (8,:); %Wl EQ 2
NaN( 1, 2) ; %2: enpty
rdo. coef (9, :); 9X1
NaN( 2, 2) ; X2, X3: enpty
rdo. coef (10, :); x4
rdo. coef (11, :); 9%x5
rdo. coef (12,:); %1
NaN( 1, 2) ; %2: enpty
rdo. coef (13,:); %3
NaN( 1, 2); %ohi 1
rdo. coef (14, :); %phi 2
NaN(2, 2)]; %rul, nu2: enpty
rdosys(4).resi=rdo.resi
rdosys(4).stats=rdo. stats;
R e e e e e e e
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[rdo. coef, rdo. resi,rdo. stats] =G3SLS2( Rbar BE, Pmu, kr on( bi gsi gna(5).vari, Pmu), ¢

BgaG N, T) ;
rdosys(5).coef =[ NaN(1, 2); %1l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef(2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2) ; 9x4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %ohi 2, mul, mu2: enpty
rdo. coef (8,:); %yl EQ 2
NaN( 1, 2); %2: enpty
rdo. coef (9, :); o1
NaN( 2, 2) ; X2, X3: enpty
rdo. coef (10, :); 9X4
rdo. coef (11, :); 95
rdo. coef (12, :); %1
NaN( 1, 2); %2: enpty
rdo. coef (13, :); %3
NaN( 1, 2); %ohi 1
rdo. coef (14, :); %hi 2
NaN( 2, 2)1; %rul, nu2: enpty
rdosys(5).resi=rdo.resi;
rdosys(5).stats=rdo.stats
O/F:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 6: ECWH
Yf==================================================—====—====—===============

[rdo. coef, rdo.resi,rdo.stats] =G3SLS2( R, eye(N*T), kron(bi gsi gna(6).vari, Qru) ¥
wkbogsi gma(7).vari,Pmu), A y,GNT);

rdosys(6).coef=[ NaN( 1, 2); %l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef (2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); %X3
NaN( 2, 2) ; X4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %ohi 2, mul, mu2: enpty
rdo. coef (8,:); %yl EQ 2
NaN( 1, 2); %y2: enpty
rdo. coef (9,:); 91
NaN( 2, 2) ; X2, X3: enpty
rdo. coef (10, :); x4
rdo. coef (11, :); %5
rdo. coef (12,:); %1

NaN( 1, 2); %2: enpty
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rdo. coef (13,:); %3

NaN( 1, 2); %hi 1

rdo. coef (14, :); %pohi 2

NaN( 2, 2)1; %rul, nu2: enpty

rdosys(6).resi=rdo.resi
rdosys(6).stats=rdo.stats

[rdo. coef, rdo. resi,rdo. stats] =G3SLS2( R, eye(N*T), kron(bi gsi gna(8).vari, Qmu) ¥
#wkbogsi gma(9).vari,Pmu), Ay, GNT);

rdosys(7).coef=[ NaN(1, 2); %1l: enpty EQ 1
rdo. coef (1,:); Wy 2
rdo. coef (2,:); 91
rdo. coef (3,:); 92
rdo. coef (4,:); 93
NaN( 2, 2) ; 94, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %phi 2, mul, mu2: enpty
rdo. coef (8,:); %Wl EQ 2
NaN( 1, 2); %2: enpty
rdo. coef (9,:); 9X1
NaN( 2, 2) ; 92, X3: enpty
rdo. coef (10, :); 94
rdo. coef (11, :); 9X5
rdo. coef (12, :); wil
NaN( 1, 2) ; Ww2: enpty
rdo. coef (13,:); %3
NaN( 1, 2) ; %hi 1
rdo. coef (14, :); %pohi 2
NaN( 2, 2)]; %rul, nu2: enpty

rdosys(7).resi=rdo.resi
rdosys(7).stats=rdo.stats

[rdo. coef,rdo.resi,rdo.stats] =G3SLS2(R, eye(N*T), kron(bi gsi gna(10).vari, Q) ¥
#wkbogsi gma(11).vari,Pmu),A Yy, GNT);

rdosys(8).coef=[ NaN(1, 2); %1l: enpty EQ 1
rdo. coef (1,:); %y 2
rdo. coef (2,:); 9X1
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2) ; 9xX4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2

NaN( 1, 2); %3: enpty
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rdo. coef (7,:); %ohi 1

NaN( 3, 2) ; %ohi 2, mul, mu2: enpty
rdo. coef (8,:); %yl EQ 2
NaN( 1, 2); %2: enpty

rdo. coef (9, :); 91

NaN( 2, 2) ; X2, X3: enpty

rdo. coef (10, :); x4

rdo. coef (11, :); 9x5

rdo. coef (12,:); %1

NaN( 1, 2); %2: enpty

rdo. coef (13,:); %3

NaN( 1, 2); %ohi 1

rdo. coef (14, :); %phi 2

NaN(2, 2)]; %rul, nu2: enpty

rdosys(8).resi=rdo.resi;
rdosys(8).stats=rdo. stats;

%vet hod 9: ECCorn
[rdo.coef,rdo.resi,rdo.stats] =G3SLS2( R, eye(N*T), kron(bi gsi gnma(12).vari, Qru) ¥

#wkbogsi gma(13).vari, Pnu), [ Awave, Bbar],y,G N, T);
rdosys(9). coef =z[ NaN(1, 2); %1: enpty EQ 1

rdo. coef (1,:); %y 2

rdo. coef (2,:); X1

rdo. coef (3,:); 9X2

rdo. coef (4,:); 9X3

NaN( 2, 2) ; 9X4, X5: enpty
rdo. coef (5,:); w1

rdo. coef (6,:); %2

NaN( 1, 2); %Z3: enpty

rdo. coef (7,:); %hi 1

NaN( 3, 2) ; %hi 2, mul, nu2: enpty
rdo. coef (8,:); %Wl EQ 2
NaN(1, 2) ; %2: enpty

rdo. coef (9, :); X1

NaN( 2, 2) ; X2, X3: enpty
rdo. coef (10, :); x4

rdo. coef (11, :); 9%x5

rdo. coef (12,:); %1

NaN( 1, 2) ; %2: enpty

rdo. coef (13,:); %3

NaN( 1, 2); %hi 1

rdo. coef (14, :); %phi 2

NaN( 2, 2)]; %rul, nu2: enpty

rdosys(9). resi=rdo.resi
rdosys(9).stats=rdo. stats;

[rdo.coef,rdo.resi,rdo.stats]=G3SLS2(R, eye(N*T), kron(bi gsi gma(14).vari, Qum) ¢
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#fikbogsi gnma(15) . vari, Pnu), [ Awave, BHT] ,y, G N, T);
rdosys(10).coef=[NaN(1, 2); %1l: enpty EQ 1

rdo.coef (1,:); Wy 2
rdo. coef(2,:); 91
rdo. coef (3,:); 9X2
rdo. coef (4,:); 9X3
NaN( 2, 2) ; X4, X5: enpty
rdo. coef (5,:); %1
rdo. coef (6,:); %2
NaN( 1, 2); %3: enpty
rdo. coef (7,:); %ohi 1
NaN( 3, 2) ; %ohi 2, mul, mu2: enpty
rdo. coef (8,:); %yl EQ 2
NaN( 1, 2); %2: enpty
rdo. coef (9, :); o1
NaN( 2, 2) ; 9X2, X3: enpty
rdo. coef (10, :); 9X4
rdo. coef (11, :); 95
rdo. coef (12, :); %1
NaN( 1, 2); %2: enpty
rdo. coef (13, :); %3
NaN( 1, 2); %hi 1
rdo. coef (14, :); %hi 2
NaN( 2, 2)1; %rul, nu2: enpty

rdosys(10).resi=rdo.resi
rdosys(10). stats=rdo. stats;

Y ===========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSo==so==sss
% Met hod 11: HTAM
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
rdosys(11).coef=[];
rdosys(11).resi=[];
rdosys(11).stats=[];
e e eSS
% Met hod 12: HTBMS
e e e S
rdosys(12).coef=[];
rdosys(12).resi=[];
rdosys(12).stats=[];
e e e e e e
%vet hod 13, 14, 15: G3SPD _FEStd
e S e e e e

% 1st stage
[rdo(1).coef,rdo(1).resi,rdo(1l).stats] =G3SLS2( Rwave, Qru, kr on( bi gsi gma(20). ¥
venu), Awave, y, G N, T);

rdosys(13).coef=[NaN(1, 2); %1l: enpty EQ 1

rdo(1).coef(1,:); Wy 2
rdo(1).coef(2,:); 91
rdo(1).coef(3,:); 92
rdo(1).coef(4,:); 9X3
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gpt

neas

y&nu

1)]; %ull dataset, including all the original
oNes, 1) ] ; % ul | dataset, including all
Ef Be

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;
rosent s
sef instrunents

C=si ngl e(bl kdi ag(C1, C2));
ya&j),Cy,GNT,size(Rifull, 2));

9 of 14

NaN( 9, 2);

rdo(1).coef(5,:);

NaN( 1, 2) ;

rdo(1).coef(6,:);

NaN( 2, 2) ;

rdo(1).coef(7,:);
rdo(1).coef(8,:);

NaN(7,2)];
rdosys(13).resi=rdo(1).resi;
rdosys(13).stats=rdo(1l).stats;

% 2nd st age

uhat =kron(eye(Q, Pmu) *y- kron(eye(Q, Pmu) *Rwave*rdo(1).coef(:,1);

i dual s (dependent vari abl e)

94, X5, Z1, 72, Z3, phi 1, phi 2, mul, nu2: ¢

%1l EQ 2
%y2: enpty

91

9%X2, X3: enpty

x4

9%X5

%1, Z2, Z3, phi 1, phi 2, nul, nu2: enpty

%vector of ¥

[rdo(2).coef,rdo(2).resi,rdo(2).stats] =G3SLS2( Rbar, Prru, kron(bi gsi gma(21). ¥

), Bbar, uhat, G N, T);
rdosys(14).coef=[NaN(7, 2);

rdo(2).coef(1,:);
rdo(2).coef(2,:);

NaN( 1, 2) ;

rdo(2).coef(3,:);

NaN( 3, 2) ;
NaN( 7, 2) ;

rdo(2).coef(4,:);

NaN( 1, 2);

rdo(2).coef(5,:);

NaN( 1, 2) ;

rdo(2).coef(6,:);

NaN( 2, 2)];
rdosys(14).resi=rdo(2).resi;
rdosys(14).stats=rdo(2).stats;

% 3rd stage

Wl,y2, X1, X2, X3, X4, X5:
w1
%2
%Z3:
%ohi 1
%phi 2, mul, mu2: enpty
Wl,y2, X1, X2, X3, X4, X5:
%1
WZ2:
%3
%phi 1:
%phi 2
%rul, nu2:

enpty

enpty

enpty

enpty

enpty

enpty

Riful | =[dat os(1, obs).Y(:,2), X1, X2, X3,Z1, Z2,rdo(2).resi (1: (NT),1),ones(NT, ¢

vars.

plus the estimted Fixed Effects

R2f ul | =[ datos( 1, obs). Y(:,1), X1, X4, X5, 71, Z3,rdo(2).resi ((N*T+1): (2*N*T), 1), ¢

Cl=[ X1, X2, X3, X4, X5, 71, 72, Z3, rdo(2) . resi (1: (N*T), 1), ones(NT, 1) ] ;

the ori gi nal

vars. plus the estimted Fixed¥

%set of v

C2=[ X1, X2, X3, X4, X5, 71, 72, Z3, rdo(2) . resi ((N*T+1): (2*N*T), 1), ones(N+T, 1)]; %

[rdo(3).coef,rdo(3).resi,rdo(3).stats] =G3SLSM Rful |, kron(bi gsi gnma(22).vari, ¥

rdosys(15). coef=[NaN(1, 6);
rdo(3).coef(1,:
rdo(3).coef(2,:

)

)
rdo(3).coef(3,:);

)

rdo(3).coef(4,:

%1l: enpty EQ 1
%y 2
X1
9X2
X3
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NaN( 2, 6) ; 9%xX4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2

NaN( 1, 6) ; %Z3: enpty
rdo(3).coef(8,:); %ohi 1

NaN( 1, 6) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul

NaN( 1, 6) ; %ru2: enpty
rdo(3).coef(9,:); %yl EQ 2
NaN( 1, 6) ; %2: enpty
rdo(3).coef(10,:); o1

NaN( 2, 6) ; X2, X3: enpty

rdo(3).coef(11,:); 9x4
rdo(3).coef(12,:); 95
rdo(3).coef(13,:); %1

NaN( 1, 6) ; %2: enpty
rdo(3).coef(14,:); %3

NaN( 1, 6) ; %ohi 1
rdo(3).coef(16,:); %ohi 2

NaN( 1, 6) ; %rul: enpty

rdo(3).coef (15,:)]; %2
rdosys(15).resi=rdo(3).resi;
rdosys(15).stats=rdo(3).stats;

% 1st stage
[rdo(1).coef,rdo(1l).resi,rdo(1l).stats]=G3SLS2( Rwave, Qmu, kron(bi gsi gna(23). v
yam) , Awave,y, G N, T);

rdosys(16).coef=[NaN(1, 2); %l: enpty EQ 1
rdo(1l).coef(1,:); %y 2
rdo(1l).coef(2,:); X1
rdo(1).coef(3,:); %2
rdo(1).coef(4,:); %X3
NaN( 9, 2); 9x4, X5, Z1, 72, Z3, phi 1, phi 2, nul, nu2: ¢
gnpt
rdo(1).coef(5,:); %yl EQ 2
NaN( 1, 2) ; Wy2: enpty
rdo(1).coef(6,:); 9X1
NaN( 2, 2) ; 9X2, X3: enpty
rdo(1).coef(7,:); x4
rdo(1).coef(8,:); 9x5
NaN(7, 2)]; %1, 722, Z3, phi 1, phi 2, nul, nu2: enpty

rdosys(16).resi=rdo(l).resi;
rdosys(16).stats=rdo(1l).stats;

% 2nd st age

uhat =kron(eye(Q, Pmu) *y- kron(eye(Q, Pmu) *Rwave*rdo(1).coef (:,1); %ector of ¥
nmeasi dual s (dependent vari abl e)

[rdo(2).coef,rdo(2).resi,rdo(2).stats] =G3SLS2( Rbar, Prru, kron(bi gsi gma(24). ¢
y&mu), Bbar, uhat, G N, T);
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rdosys(17).coef=[NaN(7, 2);
rdo(2).coef(1,:
rdo(2).coef(2,:
NaN( 1, 2);
rdo(2).coef(3,:
NaN( 3, 2) ;
NaN( 7, 2) ;
rdo(2).coef(4,:
NaN( 1, 2);
rdo(2).coef(5,:
NaN( 1, 2);
rdo(2).coef(6,:
NaN( 2, 2) ];

rdosys(17).resi=rdo(2).resi;

rdosys(17).stats=rdo(2).stats;

% 3rd stage

11 of 14

Wyl,y2, X1, X2, X3, X4, X5: enpty
wil

w2

%Z3: enpty

%ohi 1

%ohi 2, mul, mu2: enpty

%l,y2, X1, X2, X3, X4, X5: enpty
w1

%Z2: enpty

%3

%ohi 1: enpty

%phi 2

%rul, nu2: enpty

Rif ul | =[ dat os( 1, obs). Y(:,2), X1, X2, X3, 71, Z2,rdo(2).resi (1: (N*T), 1), ones(NT, ¢

1)]; %ull dataset, including all the original vars. plus the estimted Fixed Effects

R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,rdo(2).resi ((N*T+1): (2*N*T), 1), ¥
ohe3, 1)71; % ull dataset, including all the original vars. plus the estinmated Fixed¥
Ef Be

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;

Cl=[ X1, X2, X3, X4, X5, 71, 72, 73, rdo(2) .resi (1: (N*T),1),ones(NT,1)]; %et of ¥
rosent s

C2=[ X1, X2, X3, X4, X5, 71, 72,73, rdo(2) .resi ((N*T+1): (2*N*T), 1), ones(NT, 1)]; %
sef instrunments

C=si ngl e(bl kdi ag(C1, C2));

[rdo(3).coef,rdo(3).resi,rdo(3).stats] =G3SLSM Rful I, kron(bi gsi gma(25).vari, ¢
ayef),Cy,GN T,size(Rifull, 2));

rdosys(18).coef=[NaN(1, 6);
rdo(3).coef(1,:
rdo(3).coef(2,:
rdo(3).coef(3,:
rdo(3).coef(4,:
NaN( 2, 6) ;
rdo(3).coef(5,:
rdo(3).coef(6,:
NaN( 1, 6) ;
rdo(3).coef(8,:
NaN( 1, 6) ;
rdo(3).coef(7,:
NaN( 1, 6) ;
rdo(3).coef(9,:
NaN( 1, 6) ;

rdo(3).coef(10,:

NaN( 2, 6) ;

rdo(3).coef(11,:
rdo(3).coef(12,:
rdo(3).coef(13,:

NaN( 1, 6) ;

rdo(3).coef(14,:

Uy 1:
%y 2
X1
9X2
%3
9X4, X5:
%1
%Z2
%Z3:
%ohi 1
%phi 2:
%rul
%ru2:
%yl
Ny 2:
X1
X2, X3:
X4
9%X5
%1
%Z2:
%3

enpty EQ 1

enpty

enpty
enpty
enpty
EQ 2
enpty

enpty

enpty



Cegb\ Progr ans\ esti masys_vl. m 12 of 14

NaN( 1, 6) ; %ohi 1
rdo(3).coef(16,:); %phi 2
NaN( 1, 6) ; %rul: enpty

rdo(3).coef(15,:)]; %2
rdosys(18).resi=rdo(3).resi;
rdosys(18).stats=rdo(3).stats;

% 1st stage
%results are identical to Method 16

% 2nd st age

uhat =kron(eye(Q, Pmu) *y- kron(eye(Q, Pmu) *Rwave*rdo(1).coef (:,1); %ector of v
neasi dual s (dependent vari abl e)

[rdo(2).coef,rdo(2).resi,rdo(2).stats] =G3SLS2( Rbar, Prru, kron( bi gsi gma(26). ¥
y&mu), BHT, uhat, G N, T) ;

rdosys(19).coef=[NaN(7, 2); Wl,y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(1,:); %1
rdo(2).coef(2,:); %2
NaN( 1, 2); %3: enpty
rdo(2).coef(3,:); %ohi 1
NaN( 3, 2) ; %phi 2, mul, mu2: enpty
NaN( 7, 2); Wi, y2, X1, X2, X3, X4, X5: enpty
rdo(2).coef(4,:); w1
NaN( 1, 2); %Z2: enpty
rdo(2).coef(5,:); %3
NaN( 1, 2); %hi 1. enpty
rdo(2).coef(6,:); %phi 2
NaN( 2, 2)]; %rul, nu2: enpty

rdosys(19).resi=rdo(2).resi;
rdosys(19).stats=rdo(2).stats;

% 3rd stage

Riful | =[dat os(1, obs).Y(:,2), X1, X2, X3,Z1, Z2,rdo(2).resi (1: (NT),1),ones(NT, ¢
1)]; %ull dataset, including all the original vars. plus the estimted Fixed Effects

R2f ul | =[ datos( 1, obs). Y(:,1), X1, X4, X5, 71, Z3,rdo(2).resi ((N*T+1): (2*N*T), 1), ¢
oONes, 1)]; % ul | dataset, including all the original vars. plus the estimted Fi xed«
Ef Be

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;

Cl=[ X1, X2, X3, X4, X5, Z1, 22,73, rdo(2).resi (1: (N*T), 1),ones(N*T,1)]; %et of ¢
rosent s

C2=[ X1, X2, X3, X4, X5, 71, 22, Z3,rdo(2) .resi ((N*T+1): (2*N*T), 1),ones(NT, 1)]; %
sef instrunents

C=si ngl e(bl kdi ag(C1, C2));

[rdo(3).coef,rdo(3).resi,rdo(3).stats]=G3SLSM Rful |, kron(bi gsi gnma(27).vari, ¥
aya)),C y,GN T, size(Rifull, 2));

rdosys(20).coef=[NaN(1, 6); %1l: enpty EQ 1
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); 91

rdo(3).coef(3,:); 9X2
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rdo(3).coef(4,:); 9X3

NaN( 2, 6) ; %X4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2

NaN( 1, 6) ; %Z3: enpty
rdo(3).coef(8,:); %ohi 1

NaN( 1, 6) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul

NaN( 1, 6) ; %ru2: enpty
rdo(3).coef(9,:); %yl EQ 2
NaN( 1, 6) ; %y2: enpty
rdo(3).coef(10,:); 91

NaN( 2, 6) ; X2, X3: enpty

rdo(3).coef(11,:); 9xX4
rdo(3).coef(12,:); 95
rdo(3).coef (13,:); w1

NaN( 1, 6) ; %2: enpty
rdo(3).coef(14,:); %3

NaN( 1, 6) ; %ohi 1
rdo(3).coef (16,:); %ohi 2

NaN( 1, 6) ; %rul: enpty

rdo(3).coef (15,:)]; %2
rdosys(20).resi=rdo(3).resi
rdosys(20).stats=rdo(3).stats

e e e
% Met hod 21, 22: G3SPD _HTAM
Y ===========S==SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSoo=sSo==sss
% 1st stage
%results are identical to Method 16
% 2nd st age
rdosys(21).coef=[];
rdosys(21).resi=[];
rdosys(21).stats=[];
% 3rd stage
rdosys(22).coef=[];
rdosys(22).resi=[];
rdosys(22).stats=[];
e e e e e e e
% Met hod 23, 24: G3SPD_HTBMS
e S e e e e e e e e

% 1st stage
%results are identical to Method 16

% 2nd st age

rdosys(23).coef=[];
rdosys(23).resi=[];
rdosys(23).stats=[];
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% 3rd stage

rdosys(24).coef=[];
rdosys(24).resi=[];
rdosys(24).stats=[];

filenane=['.\sistema\esti _sys ' nunmRstr(nt,'%3.0f") ' ' nunRstr(rho,"' 3. 0¥
fry...
‘\esti_sys ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¢
(obs "%t 0f ' )];
save(fil ename, ' rdosys');
disp([filenane ' guardado. Continuar...']);
clear('rdosys');
end
toc
end
end
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% Functi on ESTI MASYS_V2
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzi ni

function estimsys_v2

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

disp( '::::::::::::::::::::::::::::::::::::::::::::::::::::::');
di sp([' Caso: ' nunRstr(nt) ' = ' nunmRstr(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N),ones(T, 1)));
Prmu=si ngl e(ZMu*i nv(ZM1' *ZM) *ZMI' ) ;
Qmu=si ngl e(eye(N*T) - Prmu) ;

clear ZMi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients

disp( ' e )
di sp([’ Rho= ' nun2str(rho)]);

disp( ' s BE
tic

% oad vari abl es and esti mated covari ance matri xes
clear (' X1',"'X2',"X3","X4"',"'X5","z1',"'2Z2","Z3" ,"mul", ' nu2','datos', ' correl');

filenane=['.\base\base ' nunRstr(nt,'  %3.0f") ' ' numstr(rho,  %3.0f")];

load(filenanme,' X1','X2',"X3","X4","'X5',"z1","2z2","Z3" ,"mul","'mu2','correl");

filenanme=['.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');

if exist(['.\sistema\esti _sys ' nunRstr(nt, %3.0f") ' ' nunm@str(rho,' ¥3. Ov
f')],"'dir )~=7

nkdir(['.\sistema\esti _sys ' nunRstr(nt,'%3.0f"') " ' nunBstr(rho,' %3.0f")]);
end

for obs=1:1:1000 %000 experinments for each conbination of (nt,rho)

disp([’ oservation: ' nun2str(obs)]);

%open data for the observation

filenane=['.\sistema\esti _sys ' numRstr(nt,'%3.0f") ' ' nunRstr(rho,' %38.0f") ¥
‘\esti_sys ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥

(obs "9%t. 0f')];
| oad(fil enane, ' rdosys');
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%:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%vet hod 15: G3SPD_FEStd
Yf=============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSsSsS=sS=====s

% 3rd stage

Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, rdosys(14).resi (1: (N*T), 1), ones¥
(T, % ull dataset, including all the original vars. plus the estinmated Fixed¥
Ef Ee

R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3, rdosys(14) .resi ((N*T+1): (2*N*T), ¥
hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmatedv
Bi Eéf ects

K=si ze(R1ful I, 2);

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;

clear (' RLful I"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, rdosys(14) .resi (1: (N*T),1),ones(NT, 1)]; %et of ¥
rosent s

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, rdosys(14) .resi ((N*T+1): (2*N*T), 1) ,ones(NT, 1)]; ¢«
%ét i nstrunents

A=si ngl e( bl kdi ag(C1, C2));

clear('C1',"'C2");

% Onega 1. GVM 3SLS asynptotic covariance matrix with estinmated 3SLS¢
cowace matrix

ENT=r eshape(rdosys(15).resi,NT,G; %arrange the set of G vectors of 3SLS¢
dasal s

V3SLS=(ENT' *ENT) ./ (N*T);

i nstr3SLS=si ngl e(A*i nv( A" *(kron(V3SLS, eye(NT)))*A)*A");

i nv3SLS=inv(Rfull"'*instr3SLS*Rful | );

stder 1=di ag(i nv3SLS)."0.5; %td. errors

% Orega 2: GV 3SLS with White-Huber VCV matrix (White, 1980) and 3SLS GW

% wei ghting matrix

VCWWH=di ag(rdosys(15).resi.”2)./(NT-K); % VCWH nmakes conputing Wite' s¢
coaace matri x easy

VCV_White=(N*T-K) * inv3SLS * (Rfull'*instr3SLS*VCWH*instr3SLS*Rfull) *v¢
Sh$3 % Wiite' s VCV

st der 2=di ag( VCV_White). 0. 5;

clear('VCV White',' VCVWH );

% Onmega 3: GMM3SLS with PCSEs (Beck & Katz, 1995)

VCVBK=[] ;

for g=1:1:G

ET=reshape(ENT(:,q9),T,N; %arrange the set of GVM 3SLS residuals
VCVBK=bl kdi ag( VCVBK, kron((ET' *ET)./(T-K), eye(T)));

end

VCV_BK=i nv3SLS * (Rfull"'*instr3SLS*VCVBK*i nstr3SLS*Rfull) * inv3SLS;

st der 3=di ag( VCV_BK) . *0. 5;

clear('VCVBK' ,'VCV_BK');

% repl ace existing estimation

st der new=[ st der 1, st der 2, st der 3] ;

rdosys(15). coef =squeeze(rdosys(15).coef(:,1));

rdosys(15).coef(:,2:4)=[NaN(1, 3); %1l: enpty EQ 1
stdernew(l,:); Wy 2
stdernew( 2, :); 91

)
stdernew(3,:); 92
stdernew( 4, :); 93
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NaN( 2, 3) ; %X4, X5: enpty
stdernew(5, :); wil
stdernew( 6, :); W2
NaN( 1, 3); %Z3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 3); %ohi 2: enpty
stdernew(7,:); %rul
NaN( 1, 3); %ru2: enpty
stdernew( 9, :); %yl EQ 2
NaN( 1, 3); %2: enpty
stdernew( 10, :); 91
NaN( 2, 3) ; X2, X3: enpty
stdernew( 11, :); 9x4
stdernew( 12, :); 95
stdernew( 13, :); %1
NaN( 1, 3); %2: enpty
stdernew( 14, :); %3
NaN( 1, 3); %ohi 1
stdernew( 16, :); Y%phi 2
NaN( 1, 3); %rul: enpty
stdernew(15,:)]; %2
Y ==========SoooSSoSSSSSSSoSSoSSSSSSSSSSSoSSSSoSSSSSSoSSSSoSoooSoooSooo=oss
%vet hod 18: G3SPD_FECorn
e e e e e e e e e
% 3rd stage
Rif ul | =[ datos( 1, obs). Y(:,2), X1, X2, X3, Z1, Z2, rdosys(17).resi (1: (N*T), 1), ones¥
(MT; % ull dataset, including all the original vars. plus the estinmated Fixedy
Ef Be
R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3, rdosys(17).resi ((N*T+1): (2*N*T), ¥
hesON*T, 1)]; % ull dataset, including all the original vars. plus the estinmatedv¢
Bi Eéfects
K=si ze(R1ful | , 2);
Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;
clear (' Riful I","R2ful I");
Cl=[ X1, X2, X3, X4, X5, Z1, 22, 73, rdosys(17).resi (1: (N*T), 1), ones(N*T,1)]; %set of ¢
rosent s

C2=[ X1, X2, X3, X4, X5, 71, 72, Z3, rdosys(17) . resi ((N*T+1): (2*N*T), 1), ones(NT, 1)]; ¥

%€t i nstrunent s
A=si ngl e( bl kdi ag(C1, C2));
clear('C1',"'C2");
% Omega 1:
coaace matri x

ENT=r eshape(rdosys(18).resi,NT, QG ;

deal s
V3SLS=(ENT' *ENT) ./ (N*T) ;

GVWM 3SLS asynptotic covariance matrix with estinmated 3SLS¢

%rrange the set of G vectors of 3SLSwk

i nstr3SLS=si ngl e(A*i nv(A *(kron(V3SLS, eye(N*T)))*A) *A );
i nv3SLS=inv(Rfull"*i nstr3SLS*Rful ) ;

st der 1=di ag(i nv3SLS). 0. 5;

% wei ghting matrix

VCW\H=di ag(rdosys(18).resi."2)./(NT-K);

%t d.

errors
% Onega 2: GVM 3SLS with White-Huber VCV matrix (Wite,

1980) and 3SLS GwW

% VCVWH makes conputing Wite' sk
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coaace matri x easy

VCV_White=(N*T-K) * inv3SLS * (Rfull'*instr3SLS*VCWAH i nstr3SLS*Rfull) *«¢

Shé3 % Wite' s VCV
st der 2=di ag( VCV_Wi te). 0. 5;
clear (' VCV_VWhite'," VCWH );

% Onega 3. GVM 3SLS with PCSEs (Beck & Katz, 1995)

VCVBK=[ ] ;
for g=1:1: G

ET=reshape(ENT(:,q), T, N; %arrange the set of GW 3SLS residuals
VCVBK=bl kdi ag( VCVBK, kron((ET' *ET) ./ (T-K), eye(T)));

end

VCV_BK=i nv3SLS * (Rfull'*instr3SLS*VCVBK*i nstr3SLS*Rfull) * inv3SLS;

st der 3=di ag( VCV_BK) . *0. 5;
clear('VCVBK' ,'VCV_BK');
% repl ace existing estimation

st der new=[ st der 1, st der 2, st der 3] ;

rdosys(18) . coef =squeeze(rdosys(18).coef(:,1));

rdosys(18).coef(:,2:4)=[NaN( 1, 3);

y1l: enpty EQ 1

stdernew(1l, :); %y 2
stdernew( 2, :); X1
stdernew(3,:); %X2
stdernew(4, :); 93
NaN( 2, 3) ; 9X4, X5: enpty
stdernew(5, :); %1
stdernew(6, :); %Z2
NaN( 1, 3); %Z3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 3); %hi 2: enpty
stdernew(7,:); %rul
NaN( 1, 3); %ru2: enpty
stdernew(9, :); %yl EQ 2
NaN( 1, 3); %2: enpty
stdernew( 10, :); 91
NaN( 2, 3) ; X2, X3: enpty
stdernew( 11, :); x4
stdernew( 12, :); 9x5
stdernew( 13, :); %1
NaN( 1, 3); %2: enpty
stdernew( 14, :); %3
NaN( 1, 3); %ohi 1
stdernew( 16, :); %phi 2
NaN( 1, 3); %mul: enpty
stdernew(15,:)]; %2
e S e e e e e e
%vet hod 19, 20: G3SPD _HTHT
e S e e e e e e
% 3rd stage
Rif ul | =[ dat os( 1, obs). Y(:, 2), X1, X2, X3, Z1, Z2, rdosys(19).resi (1: (N*T), 1), ones¥
(T, % ull dataset, including all the original vars. plus the estinmated Fixedv
Ef Ee

R2ful | =[ dat os( 1, 0bs). Y(:,1), X1, X4, X5, Z1, Z3, rdosys(19).resi ((N*T+1): (2*N*T), v«
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hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmated¢
Bi Eéfects

K=si ze(R1ful I, 2);

Rf ul | =bl kdi ag( R1ful I , R2ful |');

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(19).resi (1: (N*T), 1),ones(N*T,1)]; %set of ¥
rosent s

C2=[ X1, X2, X3, X4, X5, 71, 72, 723, rdosys(19) .resi ((N*T+1): (2*N*T), 1) ,ones(N*T, 1) ]; ¥
%ét i nstrunents

A=si ngl e( bl kdi ag(C1, C2));

clear('C1',"'C2");

% Onega 1. GVM 3SLS asynptotic covariance matrix with estinated 3SLS¢
coweace matrix

ENT=r eshape(rdosys(20).resi,NT, QG ; %arrange the set of G vectors of 3SLS¢
dasal s

V3SLS=(ENT' *ENT) ./ (N*T);

i nstr3SLS=si ngl e(A*i nv(A *(kron(V3SLS, eye(NT)))*A) *A );

inv3SLS=inv(Rfull'*instr3SLS*Rful | );

stder 1=di ag(inv3SLS).~0.5; %td. errors

% Onega 2: GVM 3SLS with White-Huber VCV matrix (Wiite, 1980) and 3SLS GwW

% wei ghting matrix

VCW\H=di ag(rdosys(20).resi."2)./(NT-K); % VCWH nakes conputing Wite' s¢
coaace matri x easy

VCV_White=(N*T-K) * inv3SLS * (Rfull'*instr3SLS*VCVWWH'instr3SLS*Rfull) *v
Sh$3 % Wite' s VCV

st der 2=di ag( VCV_White)."0.5;

clear('VCV Vhite',' VCVWH );

% Orega 3: GVWM 3SLS with PCSEs (Beck & Katz, 1995)

VCVBK=[ ] ;

for g=1:1:G

ET=reshape(ENT(:,q),T,N; %arrange the set of GW 3SLS residuals
VCVBK=Dbl kdi ag( VCVBK, kron((ET' *ET)./(T-K), eye(T)));

end

VCV_BK=i nv3SLS * (Rfull"'*instr3SLS*VCVBK*i nstr3SLS*Rfull) * inv3SLS;

st der 3=di ag( VCV_BK) . ~0. 5;

clear('VCVBK ,"'VCV_BK');

% repl ace existing estimation

st der new=[ st der 1, st der 2, st der 3] ;

rdosys(20). coef=squeeze(rdosys(20).coef(:,1));

rdosys(20).coef(:,2:4)=[NaN(1, 3); %1l: enpty EQ 1
stdernew(l,:); Wy 2
stdernew( 2, :); X1
stdernew(3,:); 92
stdernew( 4, :); 9X3
NaN( 2, 3) ; 9xX4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 3); %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 3); %ohi 2: enpty
stdernew(7,:); %rul

NaN( 1, 3) ; %ru2: enpty
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fry...

(obs ' %l. Of
end
toc

end

end

stdernew( 9, :); %1l EQ 2

NaN( 1, 3); %y2: enpty

stdernew( 10, :); X1

NaN( 2, 3) ; X2, X3: enpty

stdernew( 11, :); x4

stdernew( 12, :); 9%x5

stdernew( 13, :); %1

NaN( 1, 3); %2: enpty

stdernew( 14, :); %3

NaN( 1, 3); %ohi 1

st dernew( 16, :); %phi 2

NaN( 1, 3); %rul: enpty

stdernew(15,:)]; %2
filenane=['.\sistema\esti _sys ' nunRstr(nt,'%3.0f")

‘\esti _sys ' nunRstr(nt,' %3.0f") nunmgstr (r ho,

)1
save(fil ename, ' rdosys');
disp([filenane ' guardado.
clear('rdosys');

Continuar...']);

nun2str (rho,"’

98. 0f ')

8. Ow

numstr ¥
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% Functi on ESTI MASYS_ V3
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimsys_v3

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients

disp( " e );
di sp([’ Rho= ' nun2str(rho)])

disp( " s ");
tic

% oad vari abl es and esti mated covari ance matri xes
clear (' X1',"'X2',"X3","xX4',"X5","z1',"'72","'Z3");

filenane=['.\base\base ' nunstr(nt,'  %3.0f") ' ' nunmstr(rho, ' %3.0f")];
|l oad(fil ename,' X1',"' X2',"X3","X4","X5',"z1","2z2","Z3" ,"mul"," ' mu2',"'correl");
filenane=["'.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho,  %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);

Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

Rlbar =si ngl e([ Z1, Z2, ones(N*T, 1)]); % qg. 1 between regressors

R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % qg. 2 between regressors

Rbar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors

Kbar =si ngl e(si ze(Rlbar, 2));

clear (' Rlbar',' R2bar');

Bbar =si ngl e( kron(eye( G, Pnu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T, 1)]))); %etween¥
rosent s

for obs=1:1:1000 9000 experinents for each conbination of (nt,rho)
disp([’ observation: ' nun2str(obs)]);
% oad system estimation
filenane=['.\sistema\esti _sys ' nunmRstr(nt,'9%3.0f") ' ' nunRstr(rho,' %3.0f") v
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‘\esti _sys ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "9%t. 0f')];
| oad(fil enane, ' rdosys');
% oad vari ance estimates
filenane=['.\varianza\vari hetero\vari_ ' numRstr(nt,'%3.0f") ' ' nunRstre
(rho "98. 0f")

‘“\wvari ' nunRstr(nt," 9%3.0f") ' ' numstr(rho,  %3.0f") ' ' nunRstr(obs,"' %

4.0f )1;

| oad(fil enane, ' bigsigm');

% oad dependent vari able

y=si ngl e([datos(1, obs).Y(:,1);datos(1,0bs).Y(:,2)]); %tacked y

clear('rdo");
YF=============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS=S=====s=

%vet hod 15: G3SPD Std 3rd Step
YF==========SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSs==s=s

% Covari ance estinmation asumm ng Honpbskedasticity

e e

resi 2nd=si ngl e(rdosys(14).resi); %esiduals fromthe 2nd Step estinmation

resi 3rd=si ngl e(rdosys(15).resi); %esiduals fromthe 3rd Step estination

Riful | =[ dat os( 1, obs). Y(:,2), X1, X2, X3, Z1, Z2,resi 2nd(1: (N*T), 1), ones(N*T, 1) 1;

R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3,resi 2nd((N*T+1) : (2*N*T), 1), ones¥
(MT;

Rf ul | =bl kdi ag( R1ful I , R2full); %et of regressors of the system

Kful | =si ze(R1ful I , 2);

clear (' Riful l","R2ful | ");

clear (' Riful l","R2ful | ");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, resi 2nd(1: (N*T), 1) ,ones(N*T, 1)]; %set of ¢
rogent s

C2=[ X1, X2, X3, X4, X5, 71, 72, Z3, resi 2nd( (N*T+1): (2*N*T), 1) ,ones(N*T, 1)]; %set of ¢
rogent s

C=si ngl e(bl kdi ag(C1, C2)); %et of instruments of the system
clear('C1','C2");
PR=Rful | *i nv(Rful I "*Rful ' )*Rfull'; %projection natrix of the regressors

% OregaGW stored in colum 2

ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

RCi nvCVC=singl e(Rful I ' *C*i nv(C *(kron(V,eye(NT)))*C));
OnmegaGWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGW) . 70.5; %td. errors

clear('V');

%Coefficients

thetaStd=i nv(Rful | '*

% OnmegaGW stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEkron(V, eye(NT) ) ;

RCi nvCVC=singl e(Rful I *C*inv(C *()*C));

OnmegaGWWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGWM) . ~0.5; %std. errors
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clear('V');

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd.2)*C,

OnegaHC1l=OnegaGW * (RCi nvCVC*si gmaHC1*RC nvCVC ) * OregaGWWM
st der HC1=di ag( OregaHC1) . 0. 5;

clear('sigmHCLl' ,"' OregaHCl');

% WH- HC2: stored in colum 4

si gmaHC2=C *di ag((resi 3rd.*2)./(1-diag(PR)))*C;
OregaHC2=0Orega@GWM * ( RC nvCVC*si gmaHC2* RCi nvCVC ) * OnegaGwWM
st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmHC2',' OregaHC2');

% WH-LE: stored in colum 5

resi 3rdnodi =(resi 3rd)./(1-di ag(PR)); %epsilon**

si gmaLE=C *di ag(resi 3rdnodi . *2)*C,

OregalLE=0OregaGW * ( RCi nvCVC*si gmaLE*RG nvCVC ) * QOregaGvWM
st der LE=di ag( OnegaLE) . 0. 5;

cl ear (' OregalLE');

% WH- HC3: stored in colum 6

si gmaHC3=si gnmaLE- (C *resi 3rdnodi *r esi 3rdnodi ' *O) ;
OregaHC3=0OnegaGvM * ( RC nvCVC*si gmaHC3* RCi nvCVC ) * QOregaGvM
st der HC3=di ag( OregaHC3) . 0. 5;

clear('sigmaLE ,'resi3rdnodi’', "' sigmaHC3' , "' OregaHC3');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET) ./ (T-K),eye(T)));

end

si gmaBK=C * VBK* C;

OmegaBK=OnegaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OnegaGWWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET' ,"ENT',"'VBK','sigmaBK ,' OregaBK');

% MI: stored in colum 8

ENT2nd=r eshape(resi 2nd, N*T, G ; %arrange the set of G vectors of 2nd Stepw
esti on

RBi nvBVB=si ngl e( Roar ' *Bbar *i nv(Bbar' *( kron( ( ENT2nd" * Pru* ENT2nd) . / ( N- Kbar ), ¥
prripar) ) ;

OnegaGvnd=i nv( RBi nvBVB* Bbar' * Rbar) ;

CEEB=C *resi 3rd*resi 3rd' *Bbar;

CEHB=C *resi 3rd*resi 2nd' *Bbar;

clear(' Rbar',' Kbar'," ' Bbar',' ENT2nd");

Psi 1=OmregaGW %0 OnegaGVM 3rd Step

Psi 2=( RCi nvCVC* CEEB* RBi nvBVB' ) * OnegaGvM2nd* ( RBi nvBVB* CEEB' * RC nvCVC ) ;
Psi 3=( RCi nvCVC* CEHB* RBi nvBVB' ) * OmegaGvM2nd* ( RBi nvBVB* CEEB' *RC nvCVC ) ;
OregaMI=Psi 1+Psi 1* ( Psi 2- 2* Psi 3) *Psi 1;
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st der MI'=di ag( OnegaMr) . 70. 5;
cl ear (' RBi nvBVB',' OnegaGvMnd' ,' CEEB',"' CEHB', ' Psi 1','Psi 2', ...
"Psi 3',"RC nvCVC , ' OnegaGW , ' OregaMr' ) ;

% repl ace existing estimation
st dernew=[ rdosys(15).coef(:, 1), stder GW st der HC1, st der HC2, st der LE, st der HC3, ¢
sBHest der MT] ;

rdosys(15).coef(:)=[NaN(1, 8); %1l: enpty EQ 1
stdernew(l,:); Wy 2
stdernew( 2, :); o1
stdernew(3,:); 92
stdernew( 4, :); 9X3
NaN( 2, 8) ; 9xX4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 8) ; %3: enpty
stdernew(8,:); %ohi 1
NaN( 1, 8) ; %phi 2: enpty
stdernew(7,:); %rul
NaN( 1, 8) ; %ru2: enpty
stdernew(9, :); %Wl EQ 2
NaN( 1, 8); W2: enpty
stdernew( 10, :); X1
NaN( 2, 8) ; 9X2, X3: enpty

stdernew(11,:); 9X4
stdernew(12,:); 9X5
stdernew(13,:); w1

NaN( 1, 8) ; 2. enpty
stdernew( 14, :); %3

NaN( 1, 8); %phi 1
stdernew( 16, :); %ohi 2

NaN( 1, 8) ; %rul: enpty

stdernew(15,:)]; %2

% Met hod 25: G3SPD Std 3rd Step: fully heteroskedastic

% Coefficients and Covariance estimati on asuming intra-eq. ¥
heskedasticity

0’4

V=[di ag(bi gsi gma(1).vari 11), di ag(bi gsi gma(1).varil2);...

di ag(bi gsi gma(1).vari 12), di ag(bigsigma(1).vari22)]; %onsistentw«

comace estimator (from 2SLS)

RCi nvCVC=singl e(Rful I' *C*inv(C *V*Q));

theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);

% resi dual s

resi 3rd=y-Rful | *t het a;

% OnmegaGW stored in colum 2
bi gsi gmanew( 1) .vari 11=resi 3rd(:,1)."2;
bi gsi gmanew( 1) .vari 12=resi 3rd(:,1).*resi 3rd(:, 2);
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bi gsi gmanew( 1) . vari 22=resi 3rd(:, 2)."2;

V=[ di ag( bi gsi gmanew( 1) .vari 11), di ag( bi gsi gmanew( 1) .vari 12);...
di ag( bi gsi gmanew( 1) .vari 12), di ag(bi gsi gnanew( 1) .vari 22)];

RCi nvCVC=singl e(Rful I' *C*inv(C *V*Q));

OnmegaGWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGWM) . 70.5; %std. errors

clear('V');

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2) *C,

OnegaHCl=OnegaGW * ( RCi nvCVC*si gmaHC1*RCi nvCVC ) * OregaGvWM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% WH- HC2: stored in colum 4

si gmaHC2=C *di ag((resi 3rd.2)./(1-di ag(PR)))*C;
OregaHC2=OnegaGWM * ( RC nvCVC*si gmaHC2* RCi nvCVC' ) * OregaGvWM
st der HC2=di ag( OregaHC2) . ~0. 5;

cl ear (' sigmaHC2'," OnegaHC2');

% WH- LE: stored in colum 5

resi 3rdnodi =(resi3rd)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(resi 3rdnodi . *2)*C,

OregaLE=OregaGW * ( RCi nvCVC*si gmaLE*RG nvCVC ) * OnegaGWM
st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH- HC3: stored in columm 6

si gmaHC3=si gmaLE- (C *resi 3rdnodi *resi 3rdnodi ' *C) ;
OmregaHC3=0OregaGWM * ( RG nvCVC*si gmaHC3* RCi nvCVC ) * OnegaGWWM
st der HC3=di ag( OregaHC3) . 0. 5;

clear('sigmaLE ,'resi3rdnodi', "' sigmaHC3' ,' OmregaHC3');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GW 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET) ./ (T-K), eye(T)));

end

si gmaBK=C' * VBK* C;

OmegaBK=OnegaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OnegaGWWM

st der BK=di ag( OnmegaBK) . ~0. 5;

clear (' ET' ,"ENT',"'VBK','sigmBK',' OnegaBK');

% MI: stored in colum 8

ENT2nd=r eshape(resi 2nd, N*T, G ; %arrange the set of G vectors of 2nd Stepy¥
eati on

RBi nvBVB=si ngl e( Rbar' *Bbar *i nv(Bbar' *(kron( ( ENT2nd' * Pmu* ENT2nd) . / (N- Kbar ), v
prripar) ) ;

OnegaGvind=i nv( RBi nvBVB* Bbar' * Rbar) ;

CEEB=C *resi 3rd*resi 3rd' *Bbar;

CEHB=C *resi 3rd*resi 2nd' *Bbar;
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clear (' Rbar',' Kbar'," ' Bbar',' ENT2nd");

Psi 1=OmregaGW % 0OnegaGVM 3rd Step
Psi 2=( RCi nvCVC* CEEB* RBi nvBVB' ) * OmegaGvM2nd* ( RBi nvBVB* CEEB' * RCi nvCVC ) ;
Psi 3=( RCi nvCVC* CEHB* RBi nvBVB' ) * OmegaGvM2nd* ( RBi nvBVB* CEEB' * RCi nvCVC ) ;
OnegaMr=Psi 1+Psi 1* ( Psi 2- 2*Psi 3) * Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear (' RBi nvBVB',' OregaGwnd' ,"' CEEB'," CEHB' , " Psi 1', "' Psi 2', ...

"Psi 3',"'RC nvCVC , ' OnegaGW , ' OregaMr' ) ;

% repl ace existing estinmation
st dernew=[ rdosys(15).coef(:, 1), stder Gv st der HCL, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;

rdosys(25).coef(:)=[NaN(1, 8); %1l: enpty EQ 1
stdernew(l,:); Wy 2
stdernew( 2, :); 91
stdernew(3,:); 92
stdernew( 4, :); 93
NaN( 2, 8) ; 9xX4, X5: enpty
stdernew(5, :); %1
stdernew(®6, :); %2
NaN( 1, 8) ; %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 8) ; %phi 2: enpty
stdernew(7,:); %rul
NaN( 1, 8); %ru2: enpty
stdernew(9, :); %Wl EQ 2
NaN( 1, 8) ; W2: enpty
stdernew( 10, :); X1
NaN( 2, 8) ; X2, X3: enpty
stdernew( 11, :); X4
stdernew(12, :); 95
stdernew(13,:); wil
NaN( 1, 8) ; %2: enpty
stdernew( 14, :); %3
NaN( 1, 8) ; %hi 1
stdernew( 16, :); %hi 2
NaN( 1, 8) ; %rul: enpty

stdernew(15,:)]; %2
rdosys(25).resi=resi3rd,
rdosys(25).stats=[];

e e S
%vet hod 16, 17, 18: G3SPD_FECor n
e S e e e e e S
% 3rd stage
Rif ul | =[ dat os( 1, obs). Y(:, 2), X1, X2, X3, Z1, Z2, rdosys(17).resi (1: (N*T), 1), ones¥
(T, % ull dataset, including all the original vars. plus the estinmated Fixedr
Ef Ee

R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3, rdosys(17) .resi ((N*T+1): (2*N*T), ¥
hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmtedy
Bi Eéf ects
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Rf ul | =bl kdi ag( R1ful I , R2ful |');

Kful | =si ze(R1ful I, 2);

clear (' RLful |, " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(17).resi (1: (N*T), 1),ones(N*T,1)]; %set of ¥
rogent s

C2=[ X1, X2, X3, X4, X5, 71, 72, Z3, rdosys(17) .resi ((N*T+1): (2*N*T), 1) ,ones(N*T, 1) ]; ¢
%€t i nstrunents

C=si ngl e(bl kdi ag(C1, C2));

clear('C1',"'C2");

[rdo. coef, rdo.resi,rdo. stats]=G3SLSM hetero( Rful |, bi gsigma(2).vari,Cy,GN, ¢

Ul Ky ;
rdosys(18).coef(:)=[NaN(1, 6); %1l: enpty EQ 1
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); X1
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); 93
NaN( 2, 6) ; x4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 6) ; %3: enpty
rdo(3).coef(8,:); %hi 1
NaN( 1, 6) ; %phi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 6) ; %ru2: enpty
rdo(3).coef(9,:); %Wl EQ 2
NaN( 1, 6) ; %y2: enpty
rdo(3).coef(10,:); X1
NaN( 2, 6) ; 9X2, X3: enpty
rdo(3).coef(11,:); 9X4
rdo(3).coef(12,:); %x5
rdo(3).coef(13,:); %1
NaN( 1, 6) ; W2: enpty
rdo(3).coef(14,:); %3
NaN( 1, 6) ; %hi 1
rdo(3).coef(16,:); %phi 2
NaN( 1, 6) ; %rul: enpty
rdo(3).coef(15,:)]; %2
rdosys(18).resi=rdo(3).resi;
rdosys(18).stats=rdo(3).stats;
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 19, 20: G3SPD_HTHT
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% 3rd stage
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, rdosys(19).resi (1: (N*T), 1), ones¥
(T, % ull dataset, including all the original vars. plus the estinmated Fixed¥
Ef Ee
R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3, rdosys(19).resi ((N*T+1): (2*N*T), v«
hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmated¢
Bi Eéf ects

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;
Kful | =si ze(R1ful I, 2);
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rosent s

T K

fr). ..

(obs

end

' o, Of '

end
toc
end

clear (' Riful I","R2ful |l");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(19) .resi (1: (N*T), 1), ones(NT, 1) ];

Oset of ¥

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, rdosys(19).resi ((N*T+1): (2*N*T), 1) ,ones(N*T, 1)]; ¥
%®ét i nstrunents

C=si ngl e(bl kdi ag(C1, C2));
clear('C1','C2');

[rdo. coef, rdo.resi,rdo.stats] =G3SLSM hetero( Rful |, bi gsigma(3).vari,Cy,GN, ¢

rdosys(20).coef(:,)=[NaN(1, 6); %1l: enpty EQ 1
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); X1
rdo(3).coef(3,:); 92
rdo(3).coef(4,:) 9X3
NaN( 2, 6) ; 9xX4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 6) ; %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 6) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 6) ; %ru2: enpty
rdo(3).coef(9,:); %Wl EQ 2
NaN( 1, 6) ; %y2: enpty
rdo(3).coef (10,:); 9X1
NaN( 2, 6) ; 9X2, X3: enpty
rdo(3).coef(11,:); 9X4
rdo(3).coef(12,:); 9X5
rdo(3).coef(13,:); w1
NaN( 1, 6) ; W2: enpty
rdo(3).coef(14,:); %3
NaN( 1, 6) ; %hi 1
rdo(3).coef(16,:); %ohi 2
NaN( 1, 6) ; %rul: enpty
rdo(3).coef(15,:)]; %2

rdosys(20).resi=rdo(3).resi

rdosys(20).stats=rdo(3).stats

%Save results

filenane=['.\sistema\esti _sys ' nunRstr(nt,' %3.0f") nun2str(rho, "' %3. Ov

"“\esti _sys ' nunRstr(nt,' 3. 0f" num@str (rho, ' ¥3. 0f ") nungstr ¥

)1

save(fil ename, ' rdosys');

disp([filenane ' guardado. Continuar...']);

clear('rdosys',"Rfull'," " C);
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% Functi on ESTI MASYS V4
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimsys_v4

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

%Redefine Pru and Qru for a system of 2 equations
Prmu=bl kdi ag( Pmu, Pmu) ;

Qru=bl kdi ag( Qmu, Q) ;

for rho=1:1:size(rhocases,1l) % 11 rho (rhomu/rhoepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% oad vari abl es
clear (' X1',"'X2',"X3","X4',"'X5',"z1',"'7z2","'Z3");

filenane=['.\base\base ' nunstr(nt,'  9%3.0f") ' ' nunmstr(rho, ' %3.0f")];
| oad(filenane, ' X1',"'X2',"X3","'X4","'X5","z1","7z2","'Z3" ,"'nul", ' mu2',"'correl');
filenanme=['.\case\case ' nunRstr(nt,'93.0f"') ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%Arr ange regressors

Rlbar =si ngl e([ Z1, Z2, ones(N*T, 1)]); % qg. 1 between regressors
R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % qg. 2 between regressors
Rbar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors
Kbar =si ngl e(si ze(Rlbar, 2));

clear (' Rlbar',' R2bar");

for obs=1:1:1000 %000 experinments for each conbination of (nt,rho)
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di sp([' Observation: ' nunRstr(obs)]);

% oad system estimation

filenanme=["'.\esti_sys\esti _sys ' nunRstr(nt, ' %3.0f") ' ' nunRstr(rho," ' %3. 0¥

)

‘\esti _sys ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥

(obs "%t 0f')];
| oad(fil enane, ' rdosys');
% oad honpbskedastic vari ance estimates
filenanme=["'.\varianza\vari hono\vari_ ' nunmRstr(nt, ' %3.0f") ' ' nunstre
(rho "98.0f")

4.0f )];
| oad(fil enane, ' bigsigne'); bshono=bi gsi gma
% oad het eroskedasti c vari ance estinmates

filenane=['.\varianza\vari _hetero\vari_ ' nunmRstr(nt,'%3.0f") ' ' nunRstr¥
(rho "98.0f") ...
“\wvari ' nunstr(nt,"'93.0f"') ' ' nunRstr(rho,' %3.0f") ' ' nunRstr(obs, "' %
4.0f )1;
| oad(fil ename, ' bigsigm'); bshete=bigsigma
cl ear bigsigm
%arrange vari abl es
y=si ngl e([dat os(1, obs).Y(:,1);datos(1,0bs).Y(:,2)]); %tacked y
Rlwave=si ngl e([dat os(1, obs).Y(:,2) X1 X2 X3]); %Eqg. 1 within regressors
R2wave=si ngl e([ datos(1, obs).Y(:,1) X1 X4 X5]); %q. 2 within regressors
Rwave=si ngl e( bl kdi ag( Rlwave, R2wave)); % systemw thin regressors
Kwave=si ngl e(si ze( Rnave, 2));
cl ear (' Rlwave' ,"' R2wave');
YF==============SSSSSSSSSSSSSSSS oSS SSSSSSSSSSSSSSSSSSSSSSSSSSS============
% Move Methods (6 to 25) to (7 to 26)
% Elimnate NaN from sets of coefficients and std. errors (all
% met hods)
% I ntroduce nethods 6 (BEHTM) and 26 (G3SPD _HTMhew 3rd Step)
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% Met hods 26 (G3SPD _HTivnew 3rd Step) and 6 (BEHTM) are not included in
% system estimation, though their place are accounted for and filled with
% NaN

% Met hod 26: G3SPD_HTMhew 3rd Step
% pl ace new estinmation (pending)
rdosys(26).coef=[];
rdosys(26).resi=[];
rdosys(26).stats=[];

% Met hods 24 to 6
for met=24:(-1):6
if size(rdosys(net).coef,2)>0
rdosys(net +1). coef =[rdosys(net). coef (2:5,:); %2, X1, X2, X3¢
Eqoa 1
rdosys(net).coef(8:9,:); %1, Z2

‘“\wvari ' nunRstr(nt," 9%3.0f") ' ' nunmRstr(rho,  %3.0f") ' ' nunRstr(obs,' %
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rdosys(net).coef (11,:); %/ar phi 1
rdosys(net).coef (13,:); %°hi 1
rdosys(net). coef (15,:); Wy lw
Eqoa 2
rdosys(net).coef (17,:); 91
rdosys(net). coef (20:22,:); %4, X5,71
rdosys(net).coef (24,:); %3
rdosys(net). coef (26, :); %/ar phi 2
rdosys(net).coef (28,:)]; %Phi 2
rdosys(net +1) . resi =rdosys(net).resi
rdosys(net +1). st at s=rdosys(net). stats;
el se
rdosys(net +1). coef [ ];
rdosys(nmet+1).resi=[];
rdosys(net +1).stats=[];
end
end
% Met hod 6: BEHTM
% pl ace new estimati on (pendi ng)
rdosys(6).coef=[];
rdosys(6).resi=[];
rdosys(6).stats=[];
% Methods 1 to 5
for met=1:1:5
if size(rdosys(net).coef,2)>0
rdosys(net). coef =[rdosys(net).coef(2:5,:); %2, X1, X2, X3¢
Eqgoa 1
rdosys(net).coef (8:9,:); %1, 722
rdosys(net). coef (11, :); %/ar phi 1
rdosys(net). coef (13,:); %hi 1
rdosys(net). coef (15,:); Wyle
Egoa 2
rdosys(net). coef (17,:); X1
rdosys(net).coef (20:22,:); %4, X5, 71
rdosys(net).coef(24,:); %3
rdosys(net). coef (26, :); %/ar phi 2
rdosys(net).coef (28,:)]; %°hi 2
rdosys(net). resi =rdosys(net).resi
rdosys(net). stats=rdosys(net). stats;
el se
rdosys(net).coef=[];
rdosys(net).resi=[];
rdosys(net).stats=[];
end
end
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 16: G3SPD Std 3rd Step -- Honpskedastic Covari ances
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

MuHat =si ngl e(rdosys(15).resi); %esiduals fromthe 2nd Step estimation
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resi 3rd=si ngl e(rdosys(16).resi); %Wesiduals fromthe 3rd Step estimation
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

(ITINL) ];

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥
rogent s

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N*T+1): (2*N*T), 1) ,0nes(N*T, 1)]; % et ofv
rogent s

C=si ngl e(bl kdi ag(C1, C2)); Y%set of instrunents of the system
clear('C1','C2');

% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWMEkr on(V, eye(N*T) ) ; % onpskedastic intra-equation variance

RCi nvCVC=singl e(Rful I' *C*i nv(C *si gmaGWC)) ;

OregaGWWFI nv(RG nvCVC*C *Rful | );

st der GWEdi ag( OregaGW) . *0.5; %std. errors

clear('V ,'signmGwW );

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd. ~2)*C,

OregaHCl=OnegaGWM * (RG nvCVC*si gmaHC1*RC nvCVC ) * OregaGwM
st der HC1=di ag( OnegaHC1) . ~0. 5;

clear('sigmaHCL' ,' OmregaHCl');

% BK: stored in colum 7

VBK=[1;

for g=1:1: G
ET=reshape(ENT(:,9),T,N; %arrange the set of GVM 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear(' ET',"ENT'," VBK ,'sigmaBK ,' OnegaBK',' OregaGW , ' RCi nvCVC );

% repl ace existing estination

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«
anet esti mated

rdosys(16).coef=[rdosys(16).coef(:,1), stder GW st der HC1, NaN( 16, 3), st der BK, ¥
NaNL) | ;

% Met hod 33: G3SPD Std 3rd Step -- Heteroskedastic Covariances
% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshet e(1).vari 11), di ag(bshete(1).vari 12);...
di ag(bshete(1).vari12), di ag(bshete(1).vari22)];
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RCi nvCVC=singl e(Rful I' *C*inv(C *V*QC));

% Coefficients, Residuals, and New Heteroskedastic Covariance
theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y-Rful | *t het a;
ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(:, 2)."2;
V=[ di ag( bsnew. vari 11), di ag(bsnew. vari 12) ;...
di ag(bsnew. vari 12), di ag(bsnew. vari 22)];
clear (' bsnew );

% OnegaGW stored in colum 2

RCi nvCVC=singl e(Rful l'*C*inv(C *V*C));
OregaGWWFI nv( RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGWM) . *0.5; %std. errors
clear('V');

% WH- HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticy
amti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q),T,N; %arrange the set of GWW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OregaGvM

st der BK=di ag( OnegaBK) . ~0. 5;

clear (' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% repl ace existing estimation

% Covari ance matrixes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)w¢
anet esti nmated

rdosys(33).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(33).resi=resi3rd,

rdosys(33).stats=[];

% Met hod 19: G3SPD Corn 3rd Step -- Honobskedastic Covari ances
MuHat =si ngl e(rdosys(18).resi); %esiduals fromthe 2nd Step estimation
resi 3rd=si ngl e(rdosys(19).resi); %Wesiduals fromthe 3rd Step estinmation
Riful | =[ dat os( 1, obs). Y(:,2), X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,0ones(N*T, 1), MuHat (( N*T+1) : ¢
(ZTINL) ] ;

Rf ul | =bl kdi ag( RLful | , R2full); 9%et of regressors of the system
Kful | =si ze(R1ful I, 2);
clear (' RLful I"," " R2full");
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Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1), ones(N*T, 1)]: %et of ¥
rogent s
C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢
rogent s
C=si ngl e(bl kdi ag(C1, C2)); %et of instrunents of the system
clear('C1',"'C2");

% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEKkron(V, eye(NT) ) ;

RCi nvCVC=si ngl e(Rful I' *C*i nv(C *si gmaGWC)) ;

OnmegaGWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGVW) . 70.5; %std. errors

clear('V ,'signmGW );

% WH-HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd. "2)*C;

OregaHC1=0OregaGW * ( RG nvCVC*si gnaHC1* RG nvCVC ) * QOregaGvWM
st der HC1=di ag( OnegaHC1) . ~0. 5;

clear('sigmHCL' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q),T,N; %rrange the set of GW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0regaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OregaGwWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear(' ET',"ENT'," VBK' ,'sigmaBK ,' OnegaBK',' OnregaGW , ' RC nvCVC );

% repl ace existing estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«¢
anet esti nmated

rdosys(19). coef=[rdosys(19).coef(:,1), stder GW st der HC1, NaN( 16, 3), st der BK, ¥
NENL) ] ;

% Met hod 34: G3SPD Corn 3rd Step -- Heteroskedastic Covari ances

% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshete(2).vari 11), di ag(bshete(2).vari 12);...
di ag(bshete(2).vari 12), di ag(bshete(2).vari22)];

RCi nvCVC=singl e(Rful I'*C*inv(C *V*Q));

% Coefficients, Residuals, and New Het eroskedastic Covariance
theta=inv(RCi nvCVC*C *Rful |) * (RC nvCVC*C *y);

resi 3rd=y-Rful | *t het a;

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
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anti ons

bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);

bsnew. vari 22=ENT(:, 2)."2;

V=[ di ag( bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag( bsnew. vari 12), di ag(bsnew. vari 22)];

clear (' bsnew );

% OnmegaGW stored in colum 2

RCi nvCVC=singl e(Rful I'*C*inv(C *V*Q));
OnmegaGWEI nv(RG nvCVC C *Rf ul 1) ;

st der GWEdi ag( OregaGWM) . 70.5; %std. errors
clear('V');

% WH-HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticwg

% BK: stored in colum 7

VBK=[] ;

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron(( ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0regaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OregaGWWM

st der BK=di ag( OnegaBK) . *0. 5;

clear('ET ,"ENT',"'VBK ,'signmaBK ,' OnegaBK',' OnegaGW ,' RCi nvCVC );

% repl ace existing estimation
% Covariance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«

anet esti mated

(IyN1) ];

rosent s

rosent s

rdosys(34).coef=[theta, stder GW st der HCL, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(34).resi=resi3rd;
rdosys(34).stats=[];

Met hod 21: G3SPD HTM 3rd Step -- Honpskedastic Covari ances

MuHat =si ngl e(rdosys(20).resi); %esiduals fromthe 2nd Step estinmation
resi 3rd=si ngl e(rdosys(21).resi); %Wesiduals fromthe 3rd Step estinmation
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os(1, obs).Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢

C=si ngl e(bl kdi ag(C1, C2)); %set of instrunents of the system
clear('C1','C2');
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% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEkron(V, eye(NT) ) ;

RCi nvCVC=si ngl e(Rful I' *C*i nv(C *si gmaGVW Q) ) ;

OnegaGWWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWkEdi ag( OregaGW) . 70.5; %td. errors

clear('V ,'signmGW );

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2)*C,

OnegaHCl=OnegaGW * ( RCi nvCVC*si gmaHC1*RCi nvCVC ) * OregaGvM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,Q),T,N; %arrange the set of GW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RG nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . *0. 5;

clear(' ET","ENT'," VBK' ,'sigmaBK' ,' OnegaBK' ,' OmregaGW , ' RC nvCVC );

% repl ace existing estimation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)¢
anet estimated

rdosys(21).coef=[rdosys(21).coef(:,1), stder GwW st der HC1, NaN( 16, 3), st der BK, ¥

NaNL) ] ;
Y ==========ooooSoooSooC oSS o oSS oSooSSoooSooSSoooSooSSooSSooSoooooooooooDoos
% Met hod 35: G3SPD HTM 3rd Step -- Heteroskedastic Covariances
YF==========SooSSoooSSoSSooSSSSSSoSSSoSSSoSSSSoSSoSSSoSSSooSoooSooosooo=oss

% pl ace new estimation (pending)

rdosys(35).coef=[];

rdosys(35).resi=[];

rdosys(35).stats=[];
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 27,28: G3SPD Std_alter 3rd Step -- Honbskedastic Cov.
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%gener at es pseudo-effects (stored in 27)

thet aFESt d=[ rdosys(2).coef (1:4,1);rdosys(2).coef(9:12,1)]; %Y1, X1, X2, X3) &«
K¥2X4, X5)

t het aBESt d=[ rdosys(4).coef (5:7,1);rdosys(4).coef(13:15,1)]; % Z1, Z2, Varphi 1) ¢
&(Z1, Z3, Var phi 2)

MuHat =Prmu* y- Pmu* Rwave* t het aFESt d- Rbar *t het aBESt d;

rdoeql(27).resi =MiHat ;

% consi stent covariance estimator (from 2SLS)
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(IyN1) ];

rosent s

rosent s

V=kr on(bshono(32).vari,eye(NT));
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢

C=si ngl e(bl kdi ag(C1, C2)); Y%set of instrunents of the system
clear('C1'","'C2");

RCi nvCVC=singl e(Rful I'*C*inv(C *V*QC));

clear('V');

% Coefficients (stored in 28, colum 1) and Residual s
theta=inv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y- Rful | *t het a;

% OnegaGVWM stored in colum 2

ENT=r eshape(resi 3rd, N*T, G ; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kful l);

si gmaGMVEkron( 'V, eye(NT));

RCi nvCVC=si ngl e(Rful | ' *C*i nv(C *si gnaGWrQC)) ;

OregaGWEFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . *0.5; %td. errors

clear('V');

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2)*C;

OregaHC1=0OmegaGWM * ( RC nvCVC*si gmaHC1*RC nvCVC ) * OregaGwWM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCL'," OnegaHCl');

% BK: stored in columm 7

VBK=[] ;

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET" *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C' * VBK* C;

OmregaBK=OnegaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OnegaGWWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET',"ENT',"'VBK ,'sigmBK' ,' OnegaBK',' OregaGW , ' RCi nvCVC );

% pl ace new estimation
% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)wv

anet esti mated

rdosys(28).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(28).resi=resi3rd,
rdosys(28).stats=[];
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% Met hod 36: G3SPD Std alter 3rd Step -- Heteroskedastic Cov.

% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshet e(4).vari 11), di ag(bshet e(4).vari 12);...
di ag(bshete(4).vari 12), di ag(bshete(4).vari 22)];

RCi nvCVC=singl e(Rful I' *C*inv(C *V*Q));

% Coefficients, Residuals, and New Het er oskedastic Covari ance
theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y- Rful | *t het a;
ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(: , 2)."2;
V=[di ag(bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag( bsnew. vari 12), di ag(bsnew. vari 22)];
clear (' bsnew );

% OregaGWt stored in colum 2

RCi nvCVC=singl e(Rful I " *C*i nv(C *V*Q));
OregaGWEFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . *0.5; %std. errors
clear('V');

% WH- HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticy
amti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q),T,N; %arrange the set of GW 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=OmegaGW * ( RCi nvCVC*si gmaBK*RCi nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . 70. 5;

clear(' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«
anet esti mated

rdosys(36).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(36).resi=resi3rd,

rdosys(36).stats=[];

% Met hod 29, 30: GBSPD _Corn_alter 3rd Step -- Honpskedastic Cov.

%gener at es pseudo-effects (stored in 29)
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K¥2X4, X5)

t het aFEBal =[ rdosys(3).coef (1:4,1);rdosys(3).coef(9:12,1)]; % Y1, X1, X2, X3) &¥

t het aBEBal =[ r dosys(5) . coef (5:7,1); rdosys(5).coef (13:15,1)]; % Z1, Z2, Var phi 1) ¢

&(Z1, Z3, Var phi 2)

(IyN1) ];

rosent s

rosent s

MuHat =Prmu* y- Pmu* Rwave* t het aFEBal - Rbar *t het aBEBal ;
rdoeql(29).resi =MiHat ;

% consi stent covariance estimtor (from 2SLS)

V=kron(bshormo(33).vari, eye(NT));

Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,0ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful l"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; % et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, 72, Z3, MuHat ( (N*T+1) : (2*N*T), 1), ones(NT, 1)]; Yset of ¢

C=si ngl e( bl kdi ag(C1, C2)); %et of instruments of the system
clear('C1',"'C2");

RCi nvCVC=singl e(Rful I'*C*inv(C *V*C));

clear('V');

% Coefficients (stored in 30, colum 1) and Resi dual s
t het a=i nv(RC nvCVC*C *Rful | ) * (RCi nvCVC*C *y);
resi 3rd=y-Rful | *t het a;

% OmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWVEkron( 'V, eye(N*T) ) ;

RCi nvCVC=si ngl e(Rful I ' *C*i nv(C *si gmaGVWM Q) ) ;

OregaGWVFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 70.5; %td. errors

clear('V');

% WH- HC1: stored in columm 3

si gmaHC1=C *di ag(resi 3rd.2)*C,

OregaHCl=OnegaGWM * (RC nvCVC*si gmaHC1*RC nvCVC ) * OregaGwM
st der HC1=di ag( OregaHC1) . 0. 5;

clear('sigmHCLl' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET" *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK* RCi nvCVC ) * QOregaGvWM

st der BK=di ag( OnegaBK) . *0. 5;
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clear(' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col
anet esti mated

rdosys(30). coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(30).resi=resi3rd,

rdosys(30).stats=[];

% Met hod 37: G3SPD HTM alter 3rd Step -- Heteroskedastic Cov.

% consi stent covariance estinmator (from 2SLS)

V=[ di ag(bshet e(5).vari 11), di ag(bshet e(5).vari 12);...
di ag(bshete(5).vari 12), di ag(bshet e(5).vari 22)];

RCi nvCVC=singl e(Rful l'*C*inv(C *V*QC));

% Coef ficients, Residuals, and New Heteroskedastic Covariance
t het a=i nv(RC nvCVC*C *Rful l) * (RCi nvCVC*C *y);
resi 3rd=y-Rful | *t het a;
ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(:, 2)."2;
V=[ di ag(bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag(bsnew. vari 12), di ag( bsnew. vari 22)];
cl ear (' bsnew );

% OregaGW stored in colum 2

RCi nvCVC=si ngl e(Rful I' *C*inv(C *V*QC));
OregaGWMVEI nv(RCG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 70.5; %td. errors
clear('V');

% WH-HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticyg
asti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q9),T,N; %arrange the set of GVM 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=OmegaGW * ( RCi nvCVC*si gmaBK*RCi nvCVC ) * OnegaGVWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation
% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col
anet estimated
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rdosys(37).coef=[theta, stder GW| st der HCL, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(37).resi=resi3rd,
rdosys(37).stats=[];

(y@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 31, 32: GSPD HTM alter 3rd Step -- Honbskedastic Cov.
e e e

% new MuHat

rdosys(31).resi=[];

% pl ace new estinmation (pending)

rdosys(32).coef=[];

rdosys(32).resi=[];

rdosys(32).stats=[];
R e e e e e e e
% Met hod 38: G3SPD HTM alter 3rd Step -- Heteroskedastic Cov.
R e e e e e e e

% pl ace new estinmation (pending)

rdosys(38).coef=[];

rdosys(38).resi=[];

rdosys(38).stats=[];
YF==========S===SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS===S========
% Save results
YF============S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS===S========

filenane=['.\esti _sys\esti _sys ' nun2str(nt, ' %3.0f") ' ' nunRstr(rho,' 9%3. O«
fry...
‘\esti_sys_' nunRstr(nt,"93.0f") '_' nunRstr(rho,  %3.0f") '_' nun@strv¢
(obs "%.0f")];
save(fil enane, 'rdosys');
di sp([filename ' guardado. Continuar..."']);
clear('rdosys',"Rfull',"C)
end
toc
end
end
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% Functi on ESTI MASYS V5
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimsys_v5

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

%Redefine Pru and Qru for a system of 2 equations
Prmu=bl kdi ag( Pmu, Pmu) ;

Qru=bl kdi ag( Qmu, Q) ;

for rho=1:1:size(rhocases,1l) % 11 rho (rhomu/rhoepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% oad vari abl es
clear (' X1',"'X2',"X3","X4',"'X5',"z1',"'7z2","'Z3");

filenane=['.\base\base ' nunstr(nt,'  9%3.0f") ' ' nunmstr(rho, ' %3.0f")];
| oad(filenane, ' X1',"'X2',"X3","'X4","'X5","z1","7z2","'Z3" ,"'nul", ' mu2',"'correl');
filenanme=['.\case\case ' nunRstr(nt,'93.0f"') ' ' numstr(rho, %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%Arr ange regressors

Rlbar =si ngl e([ Z1, Z2, ones(N*T, 1)]); % qg. 1 between regressors
R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % qg. 2 between regressors
Rbar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors
Kbar =si ngl e(si ze(Rlbar, 2));

clear (' Rlbar',' R2bar");

for obs=1:1:1000 %000 experinments for each conbination of (nt,rho)
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di sp([' Observation: ' nunRstr(obs)]);

% oad system estimation

filenanme=["'.\esti_sys\esti _sys ' nunRstr(nt, ' %3.0f") ' ' nunRstr(rho," ' %3. 0¥

)

‘\esti _sys ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥

(obs "%t 0f')];
| oad(fil enane, ' rdosys');
% oad honpbskedastic vari ance estimates
filenanme=["'.\varianza\vari hono\vari_ ' nunmRstr(nt, ' %3.0f") ' ' nunstre
(rho "98.0f")

4.0f )];
| oad(fil enane, ' bigsigne'); bshono=bi gsi gma
% oad het eroskedasti c vari ance estinmates

filenane=['.\varianza\vari _hetero\vari_ ' nunmRstr(nt,'%3.0f") ' ' nunRstr¥
(rho "98.0f") ...
“\wvari ' nunstr(nt,"'93.0f"') ' ' nunRstr(rho,' %3.0f") ' ' nunRstr(obs, "' %
4.0f )1;
| oad(fil ename, ' bigsigm'); bshete=bigsigma
cl ear bigsigm
%arrange vari abl es
y=si ngl e([dat os(1, obs).Y(:,1);datos(1,0bs).Y(:,2)]); %tacked y
Rlwave=si ngl e([dat os(1, obs).Y(:,2) X1 X2 X3]); %Eqg. 1 within regressors
R2wave=si ngl e([ datos(1, obs).Y(:,1) X1 X4 X5]); %q. 2 within regressors
Rwave=si ngl e( bl kdi ag( Rlwave, R2wave)); % systemw thin regressors
Kwave=si ngl e(si ze( Rnave, 2));
cl ear (' Rlwave' ,"' R2wave');
YF==============SSSSSSSSSSSSSSSS oSS SSSSSSSSSSSSSSSSSSSSSSSSSSS============
% Move Methods (6 to 25) to (7 to 26)
% Elimnate NaN from sets of coefficients and std. errors (all
% met hods)
% I ntroduce nethods 6 (BEHTM) and 26 (G3SPD _HTMhew 3rd Step)
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

% Met hods 26 (G3SPD _HTivnew 3rd Step) and 6 (BEHTM) are not included in
% system estimation, though their place are accounted for and filled with
% NaN

% Met hod 26: G3SPD_HTMhew 3rd Step
% pl ace new estinmation (pending)
rdosys(26).coef=[];
rdosys(26).resi=[];
rdosys(26).stats=[];

% Met hods 24 to 6
for met=24:(-1):6
if size(rdosys(net).coef,2)>0
rdosys(net +1). coef =[rdosys(net). coef (2:5,:); %2, X1, X2, X3¢
Eqoa 1
rdosys(net).coef(8:9,:); %1, Z2

‘“\wvari ' nunRstr(nt," 9%3.0f") ' ' nunmRstr(rho,  %3.0f") ' ' nunRstr(obs,' %
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rdosys(net).coef (11,:); %/ar phi 1
rdosys(net).coef (13,:); %°hi 1
rdosys(net). coef (15,:); Wy lw
Eqoa 2
rdosys(net).coef (17,:); 91
rdosys(net). coef (20:22,:); %4, X5,71
rdosys(net).coef (24,:); %3
rdosys(net). coef (26, :); %/ar phi 2
rdosys(net).coef (28,:)]; %Phi 2
rdosys(net +1) . resi =rdosys(net).resi
rdosys(net +1). st at s=rdosys(net). stats;
el se
rdosys(net +1). coef [ ];
rdosys(nmet+1).resi=[];
rdosys(net +1).stats=[];
end
end
% Met hod 6: BEHTM
% pl ace new estimati on (pendi ng)
rdosys(6).coef=[];
rdosys(6).resi=[];
rdosys(6).stats=[];
% Methods 1 to 5
for met=1:1:5
if size(rdosys(net).coef,2)>0
rdosys(net). coef =[rdosys(net).coef(2:5,:); %2, X1, X2, X3¢
Eqgoa 1
rdosys(net).coef (8:9,:); %1, 722
rdosys(net). coef (11, :); %/ar phi 1
rdosys(net). coef (13,:); %hi 1
rdosys(net). coef (15,:); Wyle
Egoa 2
rdosys(net). coef (17,:); X1
rdosys(net).coef (20:22,:); %4, X5, 71
rdosys(net).coef(24,:); %3
rdosys(net). coef (26, :); %/ar phi 2
rdosys(net).coef (28,:)]; %°hi 2
rdosys(net). resi =rdosys(net).resi
rdosys(net). stats=rdosys(net). stats;
el se
rdosys(net).coef=[];
rdosys(net).resi=[];
rdosys(net).stats=[];
end
end
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 16: G3SPD Std 3rd Step -- Honpskedastic Covari ances
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

MuHat =si ngl e(rdosys(15).resi); %esiduals fromthe 2nd Step estimation



Cegb\ Progr ans\ esti masys_v5. m 4 of 13

resi 3rd=si ngl e(rdosys(16).resi); %Wesiduals fromthe 3rd Step estimation
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

(ITINL) ];

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥
rogent s

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N*T+1): (2*N*T), 1) ,0nes(N*T, 1)]; % et ofv
rogent s

C=si ngl e(bl kdi ag(C1, C2)); Y%set of instrunents of the system
clear('C1','C2');

% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWMEkr on(V, eye(N*T) ) ; % onpskedastic intra-equation variance

RCi nvCVC=singl e(Rful I' *C*i nv(C *si gmaGWC)) ;

OregaGWWFI nv(RG nvCVC*C *Rful | );

st der GWEdi ag( OregaGW) . *0.5; %std. errors

clear('V ,'signmGwW );

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd. ~2)*C,

OregaHCl=OnegaGWM * (RG nvCVC*si gmaHC1*RC nvCVC ) * OregaGwM
st der HC1=di ag( OnegaHC1) . ~0. 5;

clear('sigmaHCL' ,' OmregaHCl');

% BK: stored in colum 7

VBK=[1;

for g=1:1: G
ET=reshape(ENT(:,9),T,N; %arrange the set of GVM 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear(' ET',"ENT'," VBK ,'sigmaBK ,' OnegaBK',' OregaGW , ' RCi nvCVC );

% repl ace existing estination

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«
anet esti mated

rdosys(16).coef=[rdosys(16).coef(:,1), stder GW st der HC1, NaN( 16, 3), st der BK, ¥
NaNL) | ;

% Met hod 33: G3SPD Std 3rd Step -- Heteroskedastic Covariances
% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshet e(1).vari 11), di ag(bshete(1).vari 12);...
di ag(bshete(1).vari12), di ag(bshete(1).vari22)];
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RCi nvCVC=singl e(Rful I' *C*inv(C *V*QC));

% Coefficients, Residuals, and New Heteroskedastic Covariance
theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y-Rful | *t het a;
ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(:, 2)."2;
V=[ di ag( bsnew. vari 11), di ag(bsnew. vari 12) ;...
di ag(bsnew. vari 12), di ag(bsnew. vari 22)];
clear (' bsnew );

% OnegaGW stored in colum 2

RCi nvCVC=singl e(Rful l'*C*inv(C *V*C));
OregaGWWFI nv( RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGWM) . *0.5; %std. errors
clear('V');

% WH- HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticy
amti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q),T,N; %arrange the set of GWW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OregaGvM

st der BK=di ag( OnegaBK) . ~0. 5;

clear (' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% repl ace existing estimation

% Covari ance matrixes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)w¢
anet esti nmated

rdosys(33).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(33).resi=resi3rd,

rdosys(33).stats=[];

% Met hod 19: G3SPD Corn 3rd Step -- Honobskedastic Covari ances
MuHat =si ngl e(rdosys(18).resi); %esiduals fromthe 2nd Step estimation
resi 3rd=si ngl e(rdosys(19).resi); %Wesiduals fromthe 3rd Step estinmation
Riful | =[ dat os( 1, obs). Y(:,2), X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,0ones(N*T, 1), MuHat (( N*T+1) : ¢
(ZTINL) ] ;

Rf ul | =bl kdi ag( RLful | , R2full); 9%et of regressors of the system
Kful | =si ze(R1ful I, 2);
clear (' RLful I"," " R2full");
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Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1), ones(N*T, 1)]: %et of ¥
rogent s
C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢
rogent s
C=si ngl e(bl kdi ag(C1, C2)); %et of instrunents of the system
clear('C1',"'C2");

% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEKkron(V, eye(NT) ) ;

RCi nvCVC=si ngl e(Rful I' *C*i nv(C *si gmaGWC)) ;

OnmegaGWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGVW) . 70.5; %std. errors

clear('V ,'signmGW );

% WH-HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd. "2)*C;

OregaHC1=0OregaGW * ( RG nvCVC*si gnaHC1* RG nvCVC ) * QOregaGvWM
st der HC1=di ag( OnegaHC1) . ~0. 5;

clear('sigmHCL' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q),T,N; %rrange the set of GW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0regaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OregaGwWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear(' ET',"ENT'," VBK' ,'sigmaBK ,' OnegaBK',' OnregaGW , ' RC nvCVC );

% repl ace existing estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«¢
anet esti nmated

rdosys(19). coef=[rdosys(19).coef(:,1), stder GW st der HC1, NaN( 16, 3), st der BK, ¥
NENL) ] ;

% Met hod 34: G3SPD Corn 3rd Step -- Heteroskedastic Covari ances

% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshete(2).vari 11), di ag(bshete(2).vari 12);...
di ag(bshete(2).vari 12), di ag(bshete(2).vari22)];

RCi nvCVC=singl e(Rful I'*C*inv(C *V*Q));

% Coefficients, Residuals, and New Het eroskedastic Covariance
theta=inv(RCi nvCVC*C *Rful |) * (RC nvCVC*C *y);

resi 3rd=y-Rful | *t het a;

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
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anti ons

bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);

bsnew. vari 22=ENT(:, 2)."2;

V=[ di ag( bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag( bsnew. vari 12), di ag(bsnew. vari 22)];

clear (' bsnew );

% OnmegaGW stored in colum 2

RCi nvCVC=singl e(Rful I'*C*inv(C *V*Q));
OnmegaGWEI nv(RG nvCVC C *Rf ul 1) ;

st der GWEdi ag( OregaGWM) . 70.5; %std. errors
clear('V');

% WH-HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticwg

% BK: stored in colum 7

VBK=[] ;

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron(( ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0regaGW * ( RCi nvCVC*si gmaBK*RC nvCVC ) * OregaGWWM

st der BK=di ag( OnegaBK) . *0. 5;

clear('ET ,"ENT',"'VBK ,'signmaBK ,' OnegaBK',' OnegaGW ,' RCi nvCVC );

% repl ace existing estimation
% Covariance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«

anet esti mated

(IyN1) ];

rosent s

rosent s

rdosys(34).coef=[theta, stder GW st der HCL, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(34).resi=resi3rd;
rdosys(34).stats=[];

Met hod 21: G3SPD HTM 3rd Step -- Honpskedastic Covari ances

MuHat =si ngl e(rdosys(20).resi); %esiduals fromthe 2nd Step estinmation
resi 3rd=si ngl e(rdosys(21).resi); %Wesiduals fromthe 3rd Step estinmation
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os(1, obs).Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢

C=si ngl e(bl kdi ag(C1, C2)); %set of instrunents of the system
clear('C1','C2');
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% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEkron(V, eye(NT) ) ;

RCi nvCVC=si ngl e(Rful I' *C*i nv(C *si gmaGVW Q) ) ;

OnegaGWWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWkEdi ag( OregaGW) . 70.5; %td. errors

clear('V ,'signmGW );

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2)*C,

OnegaHCl=OnegaGW * ( RCi nvCVC*si gmaHC1*RCi nvCVC ) * OregaGvM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,Q),T,N; %arrange the set of GW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK*RG nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . *0. 5;

clear(' ET","ENT'," VBK' ,'sigmaBK' ,' OnegaBK' ,' OmregaGW , ' RC nvCVC );

% repl ace existing estimation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)¢
anet estimated

rdosys(21).coef=[rdosys(21).coef(:,1), stder GwW st der HC1, NaN( 16, 3), st der BK, ¥

NaNL) ] ;
Y ==========ooooSoooSooC oSS o oSS oSooSSoooSooSSoooSooSSooSSooSoooooooooooDoos
% Met hod 35: G3SPD HTM 3rd Step -- Heteroskedastic Covariances
YF==========SooSSoooSSoSSooSSSSSSoSSSoSSSoSSSSoSSoSSSoSSSooSoooSooosooo=oss

% pl ace new estimation (pending)

rdosys(35).coef=[];

rdosys(35).resi=[];

rdosys(35).stats=[];
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 27,28: G3SPD Std_alter 3rd Step -- Honbskedastic Cov.
0/&:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

%gener at es pseudo-effects (stored in 27)

thet aFESt d=[ rdosys(2).coef (1:4,1);rdosys(2).coef(9:12,1)]; %Y1, X1, X2, X3) &«
K¥2X4, X5)

t het aBESt d=[ rdosys(4).coef (5:7,1);rdosys(4).coef(13:15,1)]; % Z1, Z2, Varphi 1) ¢
&(Z1, Z3, Var phi 2)

MuHat =Prmu* y- Pmu* Rwave* t het aFESt d- Rbar *t het aBESt d;

rdoeql(27).resi =MiHat ;

% consi stent covariance estimator (from 2SLS)
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(IyN1) ];

rosent s

rosent s

V=kr on(bshono(32).vari,eye(NT));
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N* T+1): (2*N*T), 1), ones(N*T, 1)]; 9Y%et of ¢

C=si ngl e(bl kdi ag(C1, C2)); Y%set of instrunents of the system
clear('C1'","'C2");

RCi nvCVC=singl e(Rful I'*C*inv(C *V*QC));

clear('V');

% Coefficients (stored in 28, colum 1) and Residual s
theta=inv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y- Rful | *t het a;

% OnegaGVWM stored in colum 2

ENT=r eshape(resi 3rd, N*T, G ; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kful l);

si gmaGMVEkron( 'V, eye(NT));

RCi nvCVC=si ngl e(Rful | ' *C*i nv(C *si gnaGWrQC)) ;

OregaGWEFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . *0.5; %td. errors

clear('V');

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2)*C;

OregaHC1=0OmegaGWM * ( RC nvCVC*si gmaHC1*RC nvCVC ) * OregaGwWM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCL'," OnegaHCl');

% BK: stored in columm 7

VBK=[] ;

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET" *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C' * VBK* C;

OmregaBK=OnegaGW * ( RCi nvCVC*si gnaBK*RCi nvCVC ) * OnegaGWWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET',"ENT',"'VBK ,'sigmBK' ,' OnegaBK',' OregaGW , ' RCi nvCVC );

% pl ace new estimation
% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)wv

anet esti mated

rdosys(28).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(28).resi=resi3rd,
rdosys(28).stats=[];
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% Met hod 36: G3SPD Std alter 3rd Step -- Heteroskedastic Cov.

% consi stent covariance estimtor (from 2SLS)

V=[ di ag(bshet e(4).vari 11), di ag(bshet e(4).vari 12);...
di ag(bshete(4).vari 12), di ag(bshete(4).vari 22)];

RCi nvCVC=singl e(Rful I' *C*inv(C *V*Q));

% Coefficients, Residuals, and New Het er oskedastic Covari ance
theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);
resi 3rd=y- Rful | *t het a;
ENT=r eshape(resi 3rd, NT, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(: , 2)."2;
V=[di ag(bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag( bsnew. vari 12), di ag(bsnew. vari 22)];
clear (' bsnew );

% OregaGWt stored in colum 2

RCi nvCVC=singl e(Rful I " *C*i nv(C *V*Q));
OregaGWEFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . *0.5; %std. errors
clear('V');

% WH- HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticy
amti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q),T,N; %arrange the set of GW 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=OmegaGW * ( RCi nvCVC*si gmaBK*RCi nvCVC ) * OnegaGWM

st der BK=di ag( OnegaBK) . 70. 5;

clear(' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col 8)«
anet esti mated

rdosys(36).coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(36).resi=resi3rd,

rdosys(36).stats=[];

% Met hod 29, 30: GBSPD _Corn_alter 3rd Step -- Honpskedastic Cov.

%gener at es pseudo-effects (stored in 29)
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K¥2X4, X5)

t het aFEBal =[ rdosys(3).coef (1:4,1);rdosys(3).coef(9:12,1)]; % Y1, X1, X2, X3) &¥

t het aBEBal =[ r dosys(5) . coef (5:7,1); rdosys(5).coef (13:15,1)]; % Z1, Z2, Var phi 1) ¢

&(Z1, Z3, Var phi 2)

(IyN1) ];

rosent s

rosent s

MuHat =Prmu* y- Pmu* Rwave* t het aFEBal - Rbar *t het aBEBal ;
rdoeql(29).resi =MiHat ;

% consi stent covariance estimtor (from 2SLS)

V=kron(bshormo(33).vari, eye(NT));

Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,0ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3,ones(N*T, 1), MuHat (( N*T+1) : ¢

Rf ul | =bl kdi ag( RLful | , R2full); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful l"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; % et of ¥

C2=[ X1, X2, X3, X4, X5, Z1, 72, Z3, MuHat ( (N*T+1) : (2*N*T), 1), ones(NT, 1)]; Yset of ¢

C=si ngl e( bl kdi ag(C1, C2)); %et of instruments of the system
clear('C1',"'C2");

RCi nvCVC=singl e(Rful I'*C*inv(C *V*C));

clear('V');

% Coefficients (stored in 30, colum 1) and Resi dual s
t het a=i nv(RC nvCVC*C *Rful | ) * (RCi nvCVC*C *y);
resi 3rd=y-Rful | *t het a;

% OmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWVEkron( 'V, eye(N*T) ) ;

RCi nvCVC=si ngl e(Rful I ' *C*i nv(C *si gmaGVWM Q) ) ;

OregaGWVFI nv(RG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 70.5; %td. errors

clear('V');

% WH- HC1: stored in columm 3

si gmaHC1=C *di ag(resi 3rd.2)*C,

OregaHCl=OnegaGWM * (RC nvCVC*si gmaHC1*RC nvCVC ) * OregaGwM
st der HC1=di ag( OregaHC1) . 0. 5;

clear('sigmHCLl' ,' OregaHCl');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET" *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C;

OregaBK=0OregaGW * ( RCi nvCVC*si gmaBK* RCi nvCVC ) * QOregaGvWM

st der BK=di ag( OnegaBK) . *0. 5;
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clear(' ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation

% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col
anet esti mated

rdosys(30). coef=[theta, stder GW] st der HC1, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;

rdosys(30).resi=resi3rd,

rdosys(30).stats=[];

% Met hod 37: G3SPD HTM alter 3rd Step -- Heteroskedastic Cov.

% consi stent covariance estinmator (from 2SLS)

V=[ di ag(bshet e(5).vari 11), di ag(bshet e(5).vari 12);...
di ag(bshete(5).vari 12), di ag(bshet e(5).vari 22)];

RCi nvCVC=singl e(Rful l'*C*inv(C *V*QC));

% Coef ficients, Residuals, and New Heteroskedastic Covariance
t het a=i nv(RC nvCVC*C *Rful l) * (RCi nvCVC*C *y);
resi 3rd=y-Rful | *t het a;
ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
bsnew. vari 11=ENT(:, 1)."2;
bsnew. vari 12=ENT(:, 1) . *ENT(:, 2);
bsnew. vari 22=ENT(:, 2)."2;
V=[ di ag(bsnew. vari 11), di ag(bsnew. vari 12); ...
di ag(bsnew. vari 12), di ag( bsnew. vari 22)];
cl ear (' bsnew );

% OregaGW stored in colum 2

RCi nvCVC=si ngl e(Rful I' *C*inv(C *V*QC));
OregaGWMVEI nv(RCG nvCVC*C *Rful | ) ;

st der GWEdi ag( OregaGW) . 70.5; %td. errors
clear('V');

% WH-HC1: stored in colum 3
st der HCl=st der GW %1C1 and GVM are identical for heteroskedasticyg
asti ons

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,q9),T,N; %arrange the set of GVM 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET)./(T-Kfull),eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=OmegaGW * ( RCi nvCVC*si gmaBK*RCi nvCVC ) * OnegaGVWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET ,"ENT',"' VBK ,'sigmaBK ,' OnegaBK' ,' OnegaGW , ' RC nvCVC );

% pl ace new estinmation
% Covari ance matri xes HC2 (col 4), LE (col 5), HC3 (col 6), and MI (col
anet estimated
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rdosys(37).coef=[theta, stder GW| st der HCL, NaN( 16, 3), st der BK, NaN( 16, 1) ] ;
rdosys(37).resi=resi3rd,
rdosys(37).stats=[];

(y@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% Met hod 31, 32: GSPD HTM alter 3rd Step -- Honbskedastic Cov.
e e e

% new MuHat

rdosys(31).resi=[];

% pl ace new estinmation (pending)

rdosys(32).coef=[];

rdosys(32).resi=[];

rdosys(32).stats=[];
R e e e e e e e
% Met hod 38: G3SPD HTM alter 3rd Step -- Heteroskedastic Cov.
R e e e e e e e

% pl ace new estinmation (pending)

rdosys(38).coef=[];

rdosys(38).resi=[];

rdosys(38).stats=[];
YF==========S===SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS===S========
% Save results
YF============S=SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS===S========

filenane=['.\esti _sys\esti _sys ' nun2str(nt, ' %3.0f") ' ' nunRstr(rho,' 9%3. O«
fry...
‘\esti_sys_' nunRstr(nt,"93.0f") '_' nunRstr(rho,  %3.0f") '_' nun@strv¢
(obs "%.0f")];
save(fil enane, 'rdosys');
di sp([filename ' guardado. Continuar..."']);
clear('rdosys',"Rfull',"C)
end
toc
end
end
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% Functi on ESTI MASYS_ALTER_ V4
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimasys_alter_v4

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));

Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;

Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

%Redefine Pru and Qru for a system of 2 equations
Prmu=bl kdi ag( Pmu, Pmu) ;

Qru=bl kdi ag( Qmu, Q) ;

for rho=1:1:size(rhocases,1l) % 11 rho (rhomu/rhoepsilon) coefficients

disp( " s );
disp([’ Rho= "' nunm@str(rho)]);

disp( " s ");
tic

% oad vari abl es
clear (' X1',"'X2',"X3","X4',"'X5',"z1',"'7z2","'Z3");

filenane=['.\base\base ' nunstr(nt,'  9%3.0f") ' ' nunmstr(rho, ' %3.0f")];
| oad(filenane, ' X1','X2',"'X3","'X4",'X5","Zz1","'Z72",'2723");
filenane=['.\case\case ' nunRstr(nt,'93.0f"') ' ' numstr(rho,  %3.0f")];

| oad(fil enane, ' datos');
Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);
Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

%Arrange regressors

Rlbar =si ngl e([ Z1, Z2, 0ones(N*T, 1)]); % qg. 1 between regressors
R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % q. 2 between regressors
Rbar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors
Kbar =si ngl e(si ze(Rlbar, 2));

clear (' Rlbar',' R2bar");

for obs=1:1:1000 %000 experinments for each conbination of (nt,rho)
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disp([’ oservation: ' nun2str(obs)]);

% oad system estimation

filenanme=["'.\esti_sys\esti _sys ' nunRstr(nt, ' %3.0f") ' ' nunRstr(rho," ' %3. 0¥
)

‘\esti _sys ' nunRstr(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥

(obs "%t 0f')];

| oad(fil enane, ' rdosys');

% oad honpbskedastic vari ance estimates

filenanme=["'.\varianza\vari hono\vari_ ' nunmRstr(nt, ' %3.0f") ' ' nunstre
(rho "98.0f") ...
‘“\wvari ' nunRstr(nt," 9%3.0f") ' ' nunmRstr(rho,  %3.0f") ' ' nunRstr(obs,' %

4.0f )];
| oad(fil enane, ' bigsigne'); bshono=bi gsi gma
cl ear bigsignm
%arrange vari abl es
y=si ngl e([datos(1, obs).Y(:,1);datos(1,0bs).Y(:,2)]); %tacked y
Rlwave=si ngl e([datos(1, 0obs). Y(:,2) X1 X2 X3]); %q. 1 within regressors
R2wave=si ngl e([dat os(1, obs). Y(:,1) X1 X4 X5]); %q. 2 within regressors
Rwave=si ngl e( bl kdi ag( Rlwave, R2wave)); %ystem wi thin regressors
Kwave=si ngl e(si ze( Rwave, 2));
cl ear (' Rlwave',"' R2wave');
YF==========ooooSooooooC oSS o oSS ooooCoooCoooSSooooooSoooSoooSoooooooooooDoos
% Met hod 30: G3SPD Corn_alter 3rd Step -- Honoskedastic Cov.
Y ==========ooooSoooSooo oSS Coooo oSS SoooooooSoooooooSSooSoooSoooooooooooDooso
%gener at es pseudo-effects (stored in 29)
t het aFEBal =[ rdosys(3). coef (1:4,1);rdosys(3).coef (9:12,1)]; % Y1, X1, X2, X3) &«
K¥2X4, X5)

t het aBEBal =[ r dosys(5).coef (5:7,1);rdosys(5).coef (13:15,1)]; % Z1, Z2, Varphi 1) ¢
&(Z1, Z3, Var phi 2)

MuHat =Prmu* y- Pnu* Rnave*t het aFEBal - Rbar *t het aBEBal ;

rdosys(29).resi =MiHat;

% obtain residual s

resi 1=squeeze(rdosys(30).resi);

resi 2=squeeze(rdosys(3).resi);

resi 3=(Prmu* Rnave*squeeze(t het aFEBal ) +MuHat )/ T;
resi=[resil, resi2, resi3]; %Wesiduals (O.S 3rd step, Wthin, ~between)

% obtain R Cinv(C VC)C and OregaGwW
Riful | =[ dat os( 1, obs). Y(:,2), X1, X2, X3, Z1, Z2, ones(N*T, 1), MuHat (1: (N*T), 1)];
R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3, ones(N*T, 1), MuHat (( N*T+1) : ¢

(ZTINL) ] ;

Rf ul | =bl kdi ag( RLful | , R2ful l1); %et of regressors of the system

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat (1: (N*T), 1) ,ones(NT, 1)]; %et of ¥
rosent s

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, MuHat ( (N*T+1): (2*N*T), 1) ,0nes(N*T, 1)]; %et of v
rosent s
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C=si ngl e(bl kdi ag(C1, C2)); %et of instrunments of the system
clear('C1',"'C2");

ENT=reshape(resi 1, NNT, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

si gmaGWEkron(V, eye(NT) ) ;

RCi nvCVCC=si ngl e(Rfull ' *C*inv(C *si gmaGUWWFC) *C ) ;

clear('V ,"'C,"ENT','signmaGW );

OnmegaGWWEI nv(RG nvCVCC*Rf ul 1) ;

% Cbt ai n Si gnaGM Adj ust ed
% (1) degrees of freedom
dof 1=N*T-Kful | ;

dof 2=N*(T- 1) - Kwave;

dof 3=(N*T- (Kfull-1));

dof =[ dof 1, dof 1, dof 1;
dof 1, dof 2, dof 2;
dof 1, dof 2, dof 3]; %lof for one equatin

dof =kr on(dof , ones( @ ); %lof for the whole system of egs.

% (2) new V

resi =reshape(resi,NT, 3*Q ;

new=(resi'*resi)./dof;
clear('resil ,'resi2 ,'resi3 ,'resi',"dof");

% (3) obtain S

QRwavebar =eye( G*N*T) - Pmu* Rwave*i nv( Rwave' * Pmu* Rwave) * Rwave' * Prnu;
Sl=eye(GN*T);

S2=Prmu* Rwave*i nv( Rwave' * Qru* Rnave) * Rwave' * Qmu;

S3=Rbar *i nv( Rbar' * QRwavebar * Rbar ) * Rbar ' * QRwavebar ;

S=[S1 S2 S3];

clear('S1',"'S2',"'S3","' QRwavebar');

% (4) obtain Sigma

si gmaGWWAdj =S*kron(newV, eye(N*T) ) *S' ;

OregaGWAdj =OnegaGWM * ( RCi nvCVCC* si gmaGMIVAdj * RCi nvCVCC ) * OnegaGWWM
clear(' new ,"'S' ,"'sigmaAd] OLS' );

st der new=di ag( OregaGVMAdj ) . 0. 5; %ew std. errors
rdosys(30).coef(:,9)=stdernew, %tore new std. errors in colum 9

e e e S e e e e eSS
% Save results
e e e e e e
filenane=['.\esti _sys\esti _sys ' nun@str(nt, ' 9%3.0f"') ' ' nunRstr(rho,"' %3. 0¥
fry...
‘\esti_sys ' nun@str(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunstr¥
(obs " 9%t.0f")];
save(fil ename, ' rdosys');
disp([filenane ' guardado. Continuar...']);
clear('rdosys', Rfull',"C ," Rwave');
end
toc
end

end
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% Functi on ESTI MASYS HETERO
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimasys_hetero

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients

disp( " e );
di sp([’ Rho= ' nun2str(rho)])

disp( " s ");
tic

% oad vari abl es and esti mated covari ance matri xes
clear (' X1',"'X2',"X3","xX4',"X5","z1',"'72","'Z3");

filenane=['.\base\base ' nunstr(nt,'  %3.0f") ' ' nunmstr(rho, ' %3.0f")];
|l oad(fil ename,' X1',"' X2',"X3","X4","X5',"z1","2z2","Z3" ,"mul"," ' mu2',"'correl");
filenane=["'.\case\case ' nunRstr(nt, ' 9%3.0f") ' ' numstr(rho,  %3.0f")];

| oad(fil enane, ' datos');

Xl=singl e(X1); X2=single(X2); X3=single(X3); X4=single(X4); X5=single(X5);

Zl=singl e(Z1); Z2=single(Z2); Z3=single(Z3);

Rlbar =si ngl e([ Z1, Z2, ones(N*T, 1)]); % qg. 1 between regressors

R2bar =si ngl e([ Z1, Z3, ones(N*T, 1)]); % qg. 2 between regressors

Rbar =si ngl e( bl kdi ag( Rlbar, R2bar)); %ystem 'between' regressors

Kbar =si ngl e(si ze(Rlbar, 2));

clear (' Rlbar',' R2bar');

Bbar =si ngl e( kron(eye( G, Pnu* ([ X1, X2, X3, X4, X5, Z1, Z2, Z3, ones(N*T, 1)]))); %etween¥
rosent s

if exist(['.\sistema\esti _sys ' nunRstr(nt, ' 9%3.0f") ' ' nunm2str(rho,"' %3. Or
f')y1,"dir )~=7

nkdir(['.\sistema\esti _sys ' nunmRstr(nt, " 9%3.0f") ' ' nunRstr(rho,"' %3.0f")]);
end
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for

(obs ' %t. Of
(rho ' 93. Of"
4.0f )];
Vg==========
Vg==========
(ByT;

rosent s
rosents

obs=1:1:1000 %000 experinments for each conbination of (nt,rho)

disp([’ oservation: ' nun2str(obs)]);

% oad system estimation

filenane=['.\sistema\esti _sys ' nun@str(nt,'%3.0f") ' ' nunRstr(rho,' %38.0f")¥
‘\esti _sys ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstr¥

)1

| oad(fil enane, ' rdosys');
% oad vari ance estimates
filenanme=["'.\varianza\vari hetero\vari_ ' nunmRstr(nt,'%3.0f") ' ' nunRstre

) ...
‘“\wvari ' nunRstr(nt," 9%3.0f") ' ' nunmRstr(rho,  %3.0f") ' ' nunRstr(obs,' %

| oad(fil enane, ' bigsignm');

% oad dependent vari abl e

y=si ngl e([datos(1,obs).Y(:,1);datos(1,0bs).Y(:,2)]); %tacked y
clear('rdo");

resi 2nd=si ngl e(rdosys(14).resi); %esiduals fromthe 2nd Step estimation
resi 3rd=si ngl e(rdosys(15).resi); %esiduals fromthe 3rd Step estimation
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2,resi 2nd(1: (N*T), 1), ones(N*T, 1) 1;
R2ful | =[ dat os( 1, obs). Y(:, 1), X1, X4, X5, Z1, Z3,resi 2nd((N*T+1) : (2*N*T), 1), ones«¥

Rf ul | =bl kdi ag( R1ful | , R2full); %et of regressors of the system

Kful | =si ze(RLful | , 2);

clear (' Riful I","R2ful | ");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, resi 2nd(1: (N*T), 1) ,ones(N*T, 1)]; %set of ¢

C2=[ X1, X2, X3, X4, X5, 71, 72, Z3, resi 2nd( (N* T+1): (2*N*T), 1), ones(NT, 1)]; ¥set of ¥

C=si ngl e(bl kdi ag(C1, C2)); %set of instrunents of the system
clear('Cl','C2");
PR=Rful I *i nv(Rful I " *Rful  )*Rful | '; %projection matrix of the regressors

% OnmegaGWM stored in colum 2

ENT=r eshape(resi 3rd, N*T, §; %arrange the set of G vectors of residuals
V=(ENT' *ENT) ./ (N*T-Kfull);

RCi nvCVC=singl e(Rful I ' *C*i nv(C *(kron(V,eye(NT)))*C));

OnmegaGWWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGW) . 70.5; %std. errors

clear('V');

% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd."2)*C,

OnegaHCl=OnegaGW * ( RCi nvCVC*si gmaHC1*RCi nvCVC ) * OregaGvM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmHCLl' ,' OregaHCl');
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% WH- HC2: stored in colum 4

si gmaHC2=C *di ag((resi 3rd.*2)./(1-diag(PR)))*C;
OnegaHC2=OnegaGW * (RC nvCVC*si gmaHC2*RCi nvCVC ) * OregaGWM
st der HC2=di ag( OregaHC2) . 0. 5;

clear (' sigmaHC2' ,' OregaHC2');

% WH- LE: stored in colum 5

resi 3rdnodi =(resi 3rd)./(1-di ag(PR)); %epsilon**

si gmaLE=C *di ag(resi 3rdmodi . *2) *C;

OnegalLE=OregaGWM * ( RCi nvCVC*si gnmaLE*RCi nvCVC ) * OregaGvM
st der LE=di ag( OnegaLE). *0. 5;

cl ear (' OnegalLE');

% WH- HC3: stored in colum 6

si gmaHC3=si gnmaLE- (C *resi 3rdnodi *r esi 3rdnodi ' *O) ;
OregaHC3=OnegaGvM * ( RG nvCVC*si gnmaHC3* RCi nvCVC' ) * OregaGvM
st der HC3=di ag( OregaHC3) . ~0. 5;

clear('sigmalLE ,'resi3rdnodi', "' sigmHC3' ,"' OnegaHC3');

% BK: stored in colum 7

VBK=[];

for g=1:1:G
ET=reshape(ENT(:,Q),T,N; %rrange the set of GW 3SLS residual s
VBK=bl kdi ag( VBK, kron((ET' *ET) ./ (T-K), eye(T)));

end

si gmaBK=C * VBK* C,

OregaBK=0regaGW * ( RCi nvCVC*si gnmaBK*RCi nvCVC ) * OregaGwWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET ,"ENT','VBK ,'sigmBK ,' OregaBK');

% MI: stored in colum 8

ENT2nd=r eshape(resi 2nd, N*T, G ; %arrange the set of G vectors of 2nd Stepw
aati on

RBi nvBVB=si ngl e( Rbar ' *Bbar *i nv(Bbar' *( kron( ( ENT2nd' * Pnru* ENT2nd) . / ( N- Kbar) , ¥
prrBpar) ) ;

OregaGvW2nd=i nv( RBi nvBVB*Bbar' *Rbar) ;

CEEB=C *resi 3rd*resi 3rd' *Bbar;

CEHB=C *resi 3rd*resi 2nd' *Bbar;

clear (' Rbar',' Kbar'," ' Bbar',' ENT2nd");

Psi 1=OmegaGW % OnegaGVM 3rd Step
Psi 2=( RCi nvCVC* CEEB* RBi nvBVB' ) * OmegaGvM2nd* ( RBi nvBVB* CEEB' * RCi nvCVC ) ;
Psi 3=( RCi nvCVC* CEHB* RBi nvBVB' ) * OmegaGvM2nd* ( RBi nvBVB* CEEB' * RCi nvCVC ) ;
OregaMI=Psi 1+Psi 1* ( Psi 2- 2* Psi 3) *Psi 1;
st der MI'=di ag( OnegaMr) . ~0. 5;
clear (' RBi nvBVB',' OregaGwnd' ,"' CEEB'," CEHB' , " Psi 1', "' Psi 2', ...

"Psi 3',"'RC nvCVC , ' OnegaGW , ' OregaMr' ) ;

% repl ace existing estination
st dernew=[ rdosys(15).coef(:, 1), stder GvW st der HCl, st der HC2, st der LE, st der HC3, v
sBHest der MT] ;
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rdosys(15).coef(:)=[NaN(1, 8); %1: enpty EQ 1
stdernew(1,:); %y 2
stdernew( 2, :); X1
stdernew(3,:); 9X2
stdernew( 4, :); 9X3
NaN( 2, 8) ; x4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 8) ; %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 8) ; %ohi 2: enpty
stdernew(7,:); %rul
NaN( 1, 8) ; %mu2: enpty
stdernew( 9, :); %yl EQ 2
NaN( 1, 8) ; %2: enpty
stdernew( 10, :); X1
NaN( 2, 8) ; 9X2, X3: enpty
stdernew( 11, :); 9X4
stdernew(12,:); 9X5
stdernew(13,:); w1
NaN( 1, 8); %Z2: enpty
stdernew(14,:); %3
NaN( 1, 8); %hi 1
stdernew( 16, :); %hi 2
NaN( 1, 8) ; %rul: enpty

stdernew(15,:)]; %2

% Met hod 25: G3SPD Std 3rd Step: fully heteroskedastic

% Coefficients and Covariance estinmation asunmng intra-eq. ¥
heskedasticity

Y

V=[ di ag(bi gsi gna(1).vari1ll), di ag(bi gsi gma(1).varil2);...

di ag(bi gsigma(1).vari12), di ag(bi gsi gma(1).vari22)]; %onsistent«

coaace estimtor (from 2SLS)

RCi nvCVC=singl e(Rful I' *C*inv(C *V*QC));

theta=i nv(RCi nvCVC*C *Rful | ) * (RC nvCVC*C *y);

% resi dual s

resi 3rd=y-Rful | *t het a;

% OnmegaGWM stored in colum 2

bi gsi gmanew( 1) .vari 1l1=resi 3rd(:,1)."2;

bi gsi gmanew( 1) .vari 12=resi 3rd(:,1).*resi 3rd(:, 2);

bi gsi gmanew( 1) . vari 22=resi 3rd(:, 2)."2;

V=[ di ag( bi gsi gmanew( 1) . vari 11), di ag(bi gsi gmanew(1).vari12);...
di ag( bi gsi gmanew( 1) . vari 12), di ag(bi gsi gnanew( 1) .vari 22)];

RCi nvCVC=singl e(Rful I'*C*inv(C *V*Q));

OnmegaGWWEI nv(RG nvCVC*C *Rf ul 1) ;

st der GWEdi ag( OregaGVWM) . 70.5; %std. errors

clear('V');
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% WH- HC1: stored in colum 3

si gmaHC1=C *di ag(resi 3rd.2) *C,

OnegaHC1l=OnegaGW * (RC nvCVC*si gmaHC1*RC nvCVC ) * OregaGvM
st der HC1=di ag( OregaHC1) . ~0. 5;

clear('sigmaHCL', "' OnegaHCl');

% WH- HC2: stored in columm 4

si gmaHC2=C *di ag((resi 3rd.*2)./(1-di ag(PR)))*C;
OregaHC2=0OregaGWM * (RC nvCVC*si gmaHC2* RCi nvCVC ) * OnegaGWWM
st der HC2=di ag( OregaHC2) . 0. 5;

clear('sigmHC2',' OregaHC2');

% WH- LE: stored in colum 5

resi 3rdnodi =(resi 3rd)./(1-diag(PR)); %psilon**

si gmaLE=C *di ag(resi 3rdnodi . *2) *C,

OregalLE=0OregaGW * ( RCi nvCVC*si gmaLE*RC nvCVC ) * QOregaGvWM
st der LE=di ag( OnegalLE). 0. 5;

cl ear (' OregalLE');

% WH- HC3: stored in colum 6

si gmaHC3=si gnmaLE- (C *resi 3rdnodi *r esi 3rdnodi ' *O) ;
OregaHC3=0OnegaGWM * ( RCG nvCVC*si gmaHC3* RCi nvCVC ) * QOregaGvM
st der HC3=di ag( OregaHC3) . ~0. 5;

clear('sigmalLE ,'resi3rdnodi’, "' sigmHC3' ,' OnegaHC3');

% BK: stored in colum 7

VBK=[];

for g=1:1: G
ET=reshape(ENT(:,q), T, N; %arrange the set of GV 3SLS residuals
VBK=bl kdi ag( VBK, kron((ET' *ET) ./ (T-K), eye(T)));

end

si gmaBK=C * VBK* C;

OmegaBK=OnegaGW * ( RCi nvCVC*si gnmaBK*RCi nvCVC ) * OnegaGWWM

st der BK=di ag( OnegaBK) . ~0. 5;

clear('ET' ,"ENT',"VBK','sigmaBK ,' OregaBK');

% MTI: stored in colum 8

ENT2nd=r eshape(resi 2nd, N*T, G ; %arrange the set of G vectors of 2nd Stepw¢
eati on

RBi nvBVB=si ngl e( Rbar ' *Bbar *i nv(Bbar' *( kron( ( ENT2nd" * Pnru* ENT2nd) . / (N- Kbar ), ¢
prripar) ) ;

OregaGvWM2nd=i nv( RBi nvBVB*Bbar' *Rbar) ;

CEEB=C *resi 3rd*resi 3rd' *Bbar;

CEHB=C *resi 3rd*resi 2nd' *Bbar;

clear(' Rbar',"' Kbar'," ' Bbar',' ENT2nd");

Psi 1=OmregaGW % OnegaGVM 3rd Step

Psi 2=( RCi nvCVC* CEEB* RBi nvBVB' ) * OnegaGvM2nd* ( RBi nvBVB* CEEB' *RC nvCVC ) ;
Psi 3=( RCi nvCVC* CEHB* RBi nvBVB' ) * OnegaGvM2nd* ( RBi nvBVB* CEEB' *RC nvCVC ) ;
OregaMI=Psi 1+Psi 1* ( Psi 2- 2* Psi 3) *Psi 1;

st der MI'=di ag( OnegaMr) . ~0. 5;
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cl ear (' RBi nvBVB' , ' OmegaGWM2nd' , ' CEEB' ,' CEHB',' Psi1',' Psi2',...
'Psi 3',' RG nvCVC , ' OmregaGWM , ' OregaMI' ) ;

% repl ace existing estimation
st dernew=[ rdosys(15).coef(:, 1), stder GWM st der HC1, st der HC2, st der LE, st der HC3, ¥
sBHest der MT] ;

rdosys(25).coef(:)=[NaN(1, 8); %1l: enpty EQ 1
stdernew(1,:); Wy 2
stdernew( 2, :); X1
stdernew(3,:); 92
stdernew( 4, :); 9X3
NaN( 2, 8) ; 9x4, X5: enpty
stdernew(5, :); %1
stdernew( 6, :); %2
NaN( 1, 8) ; %3: enpty
stdernew(8, :); %ohi 1
NaN( 1, 8) ; %phi 2: enpty
stdernew(7,:); %rul
NaN( 1, 8) ; %ru2: enpty
stdernew(9, :); %Wl EQ 2
NaN( 1, 8) ; %y2: enpty
stdernew( 10, :); X1
NaN( 2, 8) ; 9X2, X3: enpty
stdernew( 11, :); 9X4
stdernew(12,:); 9X5
stdernew(13,:); %zl
NaN( 1, 8); %2: enpty
stdernew( 14, :); %3
NaN( 1, 8); %hi 1
stdernew( 16, :); %ohi 2
NaN( 1, 8) ; %rul: enpty

stdernew(15,:)]; %2
rdosys(25).resi=resi3rd,
rdosys(25).stats=[];

Yf==============SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSs==s======s

%vet hod 16, 17, 18: G3SPD_FECor n
e e eSS

% 3rd stage

Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, rdosys(17).resi (1: (N*T), 1), ones¥
(T, % ull dataset, including all the original vars. plus the estinmated Fixed¥
Ef Be

R2f ul | =[ datos( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3, rdosys(17).resi ((N*T+1): (2*N:T), ¢
hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmatedy
Bi Eéf ects

Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;

Kful | =si ze(R1ful I, 2);

clear (' RLful |"," " R2full");

Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(17).resi (1: (N*T), 1), ones(N*T,1)]; %et of ¢
rosent s

C2=[ X1, X2, X3, X4, X5, Z1, Z2, Z3, rdosys(17) .resi ((N*T+1): (2*N*T), 1) ,ones(NT, 1)]; ¢
%€t i nstrunents
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C=si ngl e(bl kdi ag(C1, C2));
clear('C1","'C2");
[rdo. coef,rdo.resi,rdo. stats] =G3SLSM hetero( Rful |, bi gsigma(2).vari,C y,GN, ¢

Ul Ky ;
rdosys(18).coef(:)=[NaN(1, 6); %1l: enpty EQ 1
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); X1
rdo(3).coef(3,:); 92
rdo(3).coef(4,:); 9X3
NaN( 2, 6) ; X4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 6) ; %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 6) ; %phi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 6) ; %mu2: enpty
rdo(3).coef(9,:); %Wl EQ 2
NaN( 1, 6) ; %2: enpty
rdo(3).coef(10,:); X1
NaN( 2, 6) ; 9X2, X3: enpty
rdo(3).coef(11,:); 9X4
rdo(3).coef(12,:); 9X5
rdo(3).coef(13,:); w1
NaN( 1, 6) ; %Z2: enpty
rdo(3).coef(14,:); %3
NaN( 1, 6) ; %hi 1
rdo(3).coef(16,:); %ohi 2
NaN( 1, 6) ; %rul: enpty
rdo(3).coef(15,:)]; %2
rdosys(18).resi=rdo(3).resi;
rdosys(18).stats=rdo(3).stats;
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
%vet hod 19, 20: G3SPD_HTHT
0/@:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
% 3rd stage
Riful | =[ dat os(1, obs). Y(:,2), X1, X2, X3, Z1, Z2, rdosys(19).resi (1: (N*T), 1), ones¥
(T % ul | dataset, including all the original vars. plus the estimated Fixedw
Ef Be
R2f ul | =[ dat os( 1, obs). Y(:,1), X1, X4, X5, Z1, Z3, rdosys(19).resi ((N*T+1): (2*N:T), ¢
hEsONT, 1)]; % ull dataset, including all the original vars. plus the estinmated¥
Bi Eéf ects
Rf ul | =bl kdi ag( R1ful I , R2ful 1) ;
Kful | =si ze(R1ful I, 2);
clear (' RLful |"," " R2full");
Cl=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(19).resi (1: (N*T), 1),ones(N*T,1)]; %et of ¥
rosent s

C2=[ X1, X2, X3, X4, X5, Z1, 22, Z3, rdosys(19).resi ((N*T+1): (2*N*T), 1) ,ones(N*T, 1)]; ¥
%€t i nstrunents

C=si ngl e(bl kdi ag(C1, C2));

clear('C1',"'C2");
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Tl Kp ;

fry...

(obs ' 9%:l. Of
end
toc

end

end

[rdo. coef,rdo.resi,rdo.stats] =G3SLSM hetero( Rful |, bi gsigma(3).vari,Cy,GN, ¢

rdosys(20).coef(:,)=[NaN(1, 6); %1: enpty EQ 1
rdo(3).coef(1,:); Wy 2
rdo(3).coef(2,:); X1
rdo(3).coef(3,:); 9X2
rdo(3).coef(4,:); 9X3
NaN( 2, 6) ; X4, X5: enpty
rdo(3).coef(5,:); %1
rdo(3).coef(6,:); %2
NaN( 1, 6) ; %3: enpty
rdo(3).coef(8,:); %ohi 1
NaN( 1, 6) ; %ohi 2: enpty
rdo(3).coef(7,:); %rul
NaN( 1, 6) ; %mu2: enpty
rdo(3).coef(9,:); %yl EQ 2
NaN( 1, 6) ; %2: enpty
rdo(3).coef (10,:); X1
NaN( 2, 6) ; 9X2, X3: enpty
rdo(3).coef(11,:); 9X4
rdo(3).coef(12,:); 9X5
rdo(3).coef (13,:); %1
NaN( 1, 6) ; %Z2: enpty
rdo(3).coef(14,:); %3
NaN( 1, 6) ; %hi 1
rdo(3).coef(16,:); %phi 2
NaN( 1, 6) ; %rul: enpty
rdo(3).coef(15,:)]; %2

rdosys(20).resi=rdo(3).resi

rdosys(20).stats=rdo(3).stats

%5ave results

filenane=['.\sistema\esti _sys ' nunRstr(nt,' %3.0f") nun2str (rho, "' %3. Ov

"\esti_sys ' nunRstr(nt,'93.0f") nun2str(rho, ' ¥3. 0f ") nungstr ¥

)1

save(fil enane, ' rdosys');

disp([filenane ' guardado. Continuar...']);

clear('rdosys',"Rfull"'," " C);
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% Functi on ESTI MATEVARI _ALTER
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function estimteVARI _alter

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp([' Caso: ' nun@str(nt) ' = ' nun@2str(N) ' ="' nun@str(T)]);

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
(oL o ")
di sp([" Rho= " nun2str(rho)]);
disp( " e ")
tic
disp(" ")
di sp( ' Estimating covariance matrixes...")

for obs=1:1:1000 % 1000 cases for each conbination of nt and rho
di sp([’ Oobservation: ' nunRstr(obs)]);

% oad residuals
filenane=[".\esti_eqllesti _eql ' nun@str(nt, ' %3.0f") ' ' nun2str(rho, ' %3. 0¥
fry...
"\esti _eql ' nunstr(nt, ' 93.0f") ' ' nun2str(rho, ' 93.0f") ' ' nun@strv
(obs "9%t. 0f")];
| oad(fil ename, ' rdoeql');
filenane=['.\esti _eqg2\esti _eqg2 ' nun2str(nt, %3.0f") ' ' nunRstr(rho,' 9%3. O«
fry...
‘\esti _eqg2 ' nun@str(nt,' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "9%.0f")];
| oad(fil enane, ' rdoeq2');

% etrieve estimted vari ances
filenane=["'.\varianza\vari _hono\vari_ ' nunmRstr(nt,'%3.0f") ' ' nunstre
(rho "93.0f")...
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“\wvari ' nunRstr(nt," 93.0f") ' ' nun@str(rho,  %3.0f") ' ' nunRstr(obs,’ %
4.0f )];
| oad(fil enane, ' bigsigm');

% G3SPD_Std _alter 3rd Step (nmethod 28, stored in section 32)
resi 1=si ngl e([rdoeql(28).resi,rdoeq2(28).resi]);
bi gsi gma(32).vari=resil *resil/(NT);

% G3SPD _Corn_alter 3rd Step (nmethod 30, stored in section 33)
resi 2=si ngle([rdoeql(30).resi,rdoeq2(30).resi]);
bi gsi gnma(33).vari=resi 2 *resi2/(NT);

% G3SPD HTM al ter 3rd Step (nmethod 32, stored in section 34)
resi 3=si ngl e([rdoeql(32).resi,rdoeq2(32).resi]);
bi gsi gma(34).vari=resi 3 *resi 3/ (NT);

%save estimated vari ances
filenane=['.\varianza\vari _honmo\vari ' nunm@str(nt,'9%3.0f") '_' nunPstre
(rho "98.0f")...

‘“\wvari ' nunstr(nt,'93.0f"') ' ' nunRstr(rho,' %3.0f") ' ' nunRstr(obs,' %

4.0f )];

save(fil enanme, ' bigsigm');

di sp([filenanme ' guardado. Continuar...']);

clear (' bigsigm');
Y ==========oooooooo oSS o oSS o oSS ooooCoooCoooCSooooooooooooooooooooooooooDooso
% Estimation of Heteroskedastic Variance
e e e e e

%etrieve estinmated vari ances
filenane=['.\varianza\vari hetero\vari ' nunm2str(nt,'%3.0f") ' ' nunBstrv«
(rho "98.0f")...
“\vari ' nunRstr(nt,'93.0f") ' " num@str(rho,'%3.0f"'") ' ' nunRstr(obs, "' %
4.0f )1,
| oad(fil enanme, ' bigsigm');

% G3SPD_Std _alter 3rd Step (nmethod 28, stored in section 4)
bi gsigma(4).varill=resil(:,1)."2;

bi gsigma(4).vari12=resi1(:,1).*resi1(:,2);

bi gsi gma(4).vari22=resi 1(:,2)."2;

% G3SPD_Corn_alter 3rd Step(nmethod 30, stored in section 5)
bi gsi gma(5).varill=resi2(:,1)."2;

bi gsi gma(5).vari 12=resi 2(:,1).*resi 2(:, 2);

bi gsi gma(5) . vari 22=resi 2(:,2)."2;

% G3SPD_HTM al ter (nmethod 32, stored in section 6)
bi gsi gma(6).varill=resi3(:,1)."2;

bi gsi gma(6).vari 12=resi 3(:,1).*resi 3(:, 2);

bi gsi gma(6). vari 22=resi 3(:,2)."2;
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% save estimated covariance matri xes
filenanme=[".\varianza\vari hetero\vari_ ' numRstr(nt,'%3.0f") ' ' nunRstre
(rho "93.0f")...

“\wvari ' nunstr(nt," 93.0f") ' ' nunm@str(rho,  %3.0f") ' ' nunRstr(obs,' %
4.0f )];
save(fil enanme, ' bigsigm');
disp([filenane ' guardado.']);
clear(' bigsigm');
end
toc
end

end
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% Functi on ESTI MATEVARI _HETERO
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzi ni

function estimteVARI _hetero

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " ceeeeeeieieieeioiiooos ")
di sp([’ Rho= ' nun2str(rho)])
disp( ' o OF
tic
disp(' ")
disp( ' Estimating covariance matrixes...")

for obs=1:1:1000 % 1000 cases for each conbination of nt and rho
disp([’ observation: ' nun2str(obs)]);

% oad residuals
filenane=["'.\eql\lesti _eql ' nunm@str(nt,'%3.0f") ' ' nunRstr(rho,"' %3.0f")...
‘\esti _eql ' nunRstr(nt,' %3.0f") ' ' nunstr(rho,"'%3.0f") ' ' nunRstrg
(obs "9%.0f"')];
| oad(fil ename, ' rdoeql');
filenane=['.\eqg2\esti_eq2 ' nun@str(nt,"'9%3.0f") ' ' nunRstr(rho," %3.0f")...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstre
(obs "9%.0f")];
| oad(fil enane,

rdoeqg2');

% FEVD_FESt d

% 3rd Stage (1)

resi =si ngl e([rdoeql(15).resi,rdoeqg2(15).resi]);
bi gsigma(1).varill=resi(:,1)."2;

bi gsigma(1).varil2=resi(:,1).*resi(:,2);
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(rho

(rho

(rho

4.0f )];

end

" 93. Of

' 938. Of

' 938. Of '

end

end

toc

bi gsigma(1).vari22=resi(:,2)."2;

% FEVD_FECor n

% 3rd Stage (2)

resi =si ngl e([rdoeql(18).resi,rdoeq2(18).resi]);
bi gsigma(2).varill=resi(:,1)."2;

bi gsigma(2).varil2=resi(:,1).*resi(:,2);

bi gsi gma(2).vari22=resi(:,2)."2;

% FEVD_HTHT

% 3rd Stage (3)

resi =si ngl e([rdoeql(20).resi,rdoeq2(20).resi]);
bi gsigma(3).varill=resi(:,1)."2;

bi gsi gma(3).varil2=resi(:,1).*resi(:,2);

bi gsi gma(3).vari 22=resi(:,2)."2;

% save estimted covariance matri xes

if exist(['.\varianza\vari _hetero\vari_ ' numstr(nt,'%3.0f") ' ' nunPstre
)], ' dir")~=7
nkdir(['.\varianza\vari _hetero\vari_ ' nunm@str(nt, ' %3.0f") ' ' nunRstr¥
)1
end
filenanme=['.\varianza\vari_hetero\vari ' num2str(nt,'%3.0f"') ' ' nunmRstr«¢
). ..
‘“\vari ' numRstr(nt,'93.0f") ' " numstr(rho,'%3.0f") ' ' nunRstr(obs,"' %

save(fil enane, ' bigsigm');
di sp([filename ' guardado.']);
clear('bigsigm');
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% Functi on ESTI MATEVARI _HOMO
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzi ni

function estimateVARI _hono

clc

cl ear

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

Bkes=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2;

for nt=1:1:size(ntcases,1l) %9 conbinations of Nand T
% auxiliary matrixes
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( Bl ) y
di sp([' Caso: ' nunRstr(nt) ' = ' nun@str(N) ' ="' nunmkstr(T)]);

ZMu=si ngl e(kron(eye(N), ones(T, 1)));
Pru=si ngl e( ZMu*i nv(ZM1' *ZMu) *ZMu'" ) ;
Qmu=si ngl e(eye(N*T) - Pmu) ;

clear ZMWi

for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients

disp( " e )

di sp([" Rho= " nun2str(rho)])

disp( ' = e )

tic

disp(" ")

disp( ' Estimating covariance matrixes...")

if exist(['.\varianza\vari_ ' nunm@str(nt,"'9%3.0f") ' ' nunRstr(rho,"' 3. 0¥
f'y],"dir )~=7

nkdir(['.\varianza\vari_" nunm2str(nt,'9%3.0f") '_' num@str(rho,' ¥3.0f")]);
end

% estimate covariance natri xes
for obs=1:1:1000 % 1000 cases for each conmbination of nt and rho
disp([’ oservation: ' nun2str(obs)]);

% oad residual s
filenane=['.\eqllesti _eql ' nunm@str(nt,"'9%3.0f") ' ' nunRstr(rho,"' %3.0f")...
‘\esti _eql ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¥
(obs "%t 0f')];

| oad(fil enane, ' rdoeql');
filenane=['.\eqg2\esti_eq2 ' nunmRstr(nt,"'9%3.0f") ' ' nunRstr(rho," %3.0f")...
‘\esti _eqg2 ' nunRstr(nt, ' %3.0f") ' ' nun2str(rho,"%3.0f") ' ' nunRstr¢

(obs "9%t. 0f')];
| oad(fil enane, ' rdoeq2');
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% OLS (1)
resi =si ngl e([rdoeql(l).resi,rdoeq2(1l).resi]);
bi gsigma(1l).vari=resi'*resi/(NT);

% FEStd (2)
resi =singl e([rdoeql(2).resi,rdoeq2(2).resi]);
bi gsigma(2).vari=resi'*Quw*resi/(N(T-1));

% FEBal (3)
resi =si ngl e([rdoeql(3).resi,rdoeq2(3).resi]);
bi gsi gma(3).vari=resi'*Quu*resi/(N(T-1));

% BEStd (4)
resi =si ngl e([rdoeql(4).resi,rdoeq2(4).resi]);
bi gsi gma(4).vari=resi'*Pnmu*resi/(N);

% BEBal (5)
resi =si ngl e([rdoeql(5).resi,rdoeq2(5).resi]);
bi gsi gma(5). vari=resi' *Pmu*resi/(N);

% ECWH ( 6)

resi =si ngl e([rdoeql(6).resi,rdoeq2(6).resi]);

bi gsi gma(6) . vari=resi' *Qru*resi/(N*(T-1)); %ithin variance
bi gsigma(7).vari=resi'*Pru*resi/(N); %between variance

% ECAmM (7)

resi =single([rdoeql(7).resi,rdoeq2(7).resi]);

bi gsi gma(8).vari=resi'*Quw*resi/(N(T-1)); %ithin variance
bi gsi gma(9).vari=resi' *Pnu*resi/(N); %between variance

% ECSA (8)

resi =si ngl e([rdoeql(8).resi,rdoeq2(8).resi]);

bi gsi gma(10).vari=resi' *Qm*resi/(N(T-1)); %nithin variance
bi gsi gma(11).vari=resi' *Pmu*resi/(N); %between variance

% ECCorn (9)

resi =si ngl e([rdoeql(9).resi,rdoeq2(9).resi]);
bi gsi gma(12).vari=resi'*Qru*resi/(N(T-1));
bi gsi gma(13).vari=resi' *Pmu*resi/(N);

% HTHT (10)

resi =si ngl e([rdoeql(10).resi,rdoeg2(10).resi]);
bi gsigma(14).vari=resi'*Qru*resi/(N(T-1));

bi gsi gma(15) . vari =resi' *Pmu*resi/(N);

% HTAM (11)
resi =singl e([rdoeql(1l).resi,rdoeq2(1ll).resi]);
if isenpty(resi)
bi gsi gma(16).vari=[];
bi gsi gma(17).vari=[];
el se
bi gsi gnma(16).vari=resi' *Qru*resi/(N(T-1));
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bi gsigma(17).vari=resi' *Pmu*resi/(N);
end

% HTBMS (12)
resi =si ngl e([rdoeql(12).resi,rdoeq2(12).resi]);
if isenpty(resi)
bi gsi gma(18).vari=[];
bi gsi gma(19).vari=[];
el se
bi gsi gma(18).vari=resi' *Qru*resi /(N (T-1));
bi gsi gma(19).vari=resi' *Pmu*resi/(N);
end

% G3SPD_FESt d

% 1st Stage (13)

resi =singl e([rdoeql(13).resi,rdoeq2(13).resi]);
bi gsi gma(20).vari=resi'*Qru*resi/(N(T-1));

% 2nd St age (14)

resi =singl e([rdoeql(14).resi,rdoeq2(14).resi]);
bi gsi gma(21).vari=resi' *Pmu*resi/(N);

% 3rd Stage (15)

resi =si ngl e([rdoeql(15).resi,rdoeq2(15).resi]);
bi gsi gma(22).vari=resi'*resi/(NT);

% G3SPD_FECor n

% 1st Stage (16)

resi =si ngl e([rdoeql(16).resi,rdoeq2(16).resi]);
bi gsi gma(23).vari=resi' *Qru*resi/(N(T-1));

% 2nd Stage (17)

resi =si ngl e([rdoeql(17).resi,rdoeq2(17).resi]);
bi gsi gma(24).vari=resi' *Pmu*resi/(N);

% 3rd Stage (18)

resi =si ngl e([rdoeql(18).resi,rdoeq2(18).resi]);
bi gsi gma(25).vari=resi'*resi/(NT);

% G3SPD_HTHT

% 2nd St age (19)

resi =si ngl e([rdoeql(19).resi,rdoeq2(19).resi]);
bi gsi gma(26).vari=resi' *Pmu*resi/(N);

% 3rd Stage (20)

resi =si ngl e([rdoeql(20).resi,rdoeq2(20).resi]);
bi gsi gma(27).vari=resi'*resi/(NT);

% G3SPD_HTAM
% 2nd St age (21)
resi =si ngl e([rdoeql(21).resi,rdoeq2(21).resi]);
if isenmpty(resi)
bi gsi gma(28).vari=[];
el se
bi gsi gma(28).vari=resi'*Pmu*resi/(N);
end
% 3rd Stage (22)
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4.0f )];

end

end

end

toc

resi =singl e([rdoeql(22).resi,rdoeq2(22).resi]);
if isenpty(resi)
bi gsi gma(29).vari=[];
el se
bi gsi gma(29).vari=resi'*resi/(NT);
end

% G3SPD_HTBMS
% 2nd St age (23)
resi =si ngl e([rdoeql(23).resi,rdoeq2(23).resi]);
if isenpty(resi)
bi gsi gma(30).vari=[];
el se
bi gsi gma(30).vari=resi' *Pnu*resi/(N)
end
% 3rd Stage (24)
resi =singl e([rdoeql(24).resi,rdoeq2(24).resi]);
if isenpty(resi)
bi gsi gma(31).vari=[];
el se
bi gsigma(31).vari=resi'*resi/(NT);
end

% save estimted covariance nmatri xes

filenane=['.\varianza\vari ' nunstr(nt,' %3.0f")
‘“\wvari ' nunRstr(nt, 9%3.0f") ' ' nun@str(rho," %3.0f") ' _

save(fil enane, ' bigsigm');
di sp([filename ' guardado. Continuar...']);
clear('bigsigm');

nunstr(rho, ' 93.0f"). ..

nun@str (obs, ' %
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L i T I

% Function SA

% | nput :

% i: case nunber (1...192)

% exper: experiment nunber (1...1000)

R e e

function [S]=SA(s, N, T) %generates Aneni ya-MaCurdy special nmatrix of instrunents
S=zeros(N'T, 1);
for j=1:1:size(s,?2)
sa=kron(reshape(s(:,j),T,N"',ones(T,1));
S=[ S, sal;
end
S=S(:, 2:end);
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R i i I I
% Functi on G2SLS

% Esti mates Ceneralized 2SLS.

%

% | nput :

% R set of covariates

% W onega * (-1/2)

% P. projection matrix of instrunents

% y: dependent vari abl e

% N: nunmber of individuals

% T: nunber of tinme periods

%

% Qut put :

% theta: coefficients

% stder: standard errors of coefficients

% resi: residuals

% stats: structure containing:

% .r2: R-squared

% .r2adj: adjusted R-squared

% .witvar: sigmal-squared ('w thin' variance)

% .betvar: sigma2-squared (' between' variance)

% .aic: Akai ke Information Criterion

% .bic: Bayesian (Schwarz) Information Criterion
%

N i I e

function [coef,resi,stats] =&SLS(R,WP,y, N, T,dof) %erformregression and returns¥¢
toefents, residuals, and sone statistics

% auxi liary matrixes

ZMu=kr on(eye(N), ones(T, 1));

Pru=ZMu*i nv( ZM1' * ZMi) * ZMJ'

Qmu=eye( N*T) - Pnu;

% t het as
theta=inv(R *W*P*WR)*R *W*P*Wy;

% resi dual s
resi =Wy-WR*t het a;

% st andard errors

K=si ze(R, 2);

vari =((resi'*resi)/(NT-K));

stder=di ag(vari*inv(R *W*WR))."0.5;, %td. errors

% statistics

SST=(Wy-mean(Wy))' *(Wy-nean(Wy)); 9% otal Sum of Squares
SSR=resi ' *resi; %otal Sum of Residuals

stats.r2=1-SSR/ SST; % Rsq

stats.r2adj=1- ((SSR/ (N*T-K))/ (SST/ (N*T-1))); % Rsq

if T==1; dof=N-1; else dof=N*(T-1); end
stats.witvar=(resi'*Qru*resi)/dof; % w thin" variance
stats. betvar=(resi' *Pru*resi)/ N, % between" variance
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stat c=l og( SSR/ (N*T) ) +(2* (K+1)/ (N*T)); %\kai ke Information Criterion

stats. bic=l og(SSF/ (N*T)) +( (K+1)*l1 og(N*T) / (N*T)); %Bayesi an (Schwartz) Informationeg
€ribn

coef =[ t het a, st der];
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R i i I I
% Functi on G2SLSM

% Esti mates Generalized 2SLS with nultiple corrections of the
% covariance matri x (no-correction, Wite-Huber, and PCSEs)

%

% | nput :

% R set of covariates

% W onega * (-1/2)

% P. projection matrix of instrunents

% y: dependent vari abl e

% N: nunmber of individuals

% T: nunber of tinme periods

%

% Qut put :

% theta: coefficients

% stder: standard errors of coefficients

% resi: residuals

% stats: structure containing:

% .r2: R-squared

% .r2adj: adjusted R-squared

% .witvar: sigmal-squared ('w thin' variance)

% . betvar: sigma2-squared ('between' variance)

% .aic: Akaike Information Criterion

% .bic: Bayesian (Schwarz) Information Criterion

%

N R i I i

function [coef,resi,stats]=&SLSM R WP, y, N, T,dof) %performregression and returnsy¢
toefents, residuals, and sone statistics

% auxi liary matrixes

ZMu=kr on(eye(N), ones(T, 1));

Pru=ZMu*i nv( ZM1' * ZMi) * ZMJ'

Qmu=eye( N*T) - Pnu;

% t het as
theta=inv(R *W*P*WR)*R *W*P*Wy;

% resi dual s
resi =Wy- WR*t het a;

% Onega 1. identity matrix (OLS)

K=si ze(R, 2);

VCVI =((resi' *resi)/dof);

stderl =diag(VCVI *i nv(R *W*WR))."0.5; %td. errors

% Onega 2: OLS with Wite-Huber VCV matrix (Wite, 1980)

VCWAEdi ag(resi . ~2)./dof; % VCVW nakes conputing White's covariance matrix easy
VCV_Wiite=(N*T-K)*inv(R *P*R) * (R *P *VCVWP*R) * inv(R*P*R); % VWite' s VCV
st der WEdi ag( VCV_Wi te) . ~0. 5;

% Onega 3. OLS with PCSEs (Beck & Katz, 1995)
%if (T<N) % f T<N then Parks' correction and PCSEs can't be
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% return % cal cul ated, or if T<=K then the nmodel is underidentified

% end % and we can estimate single equations for each individual
E=reshape(resi,T,N); %arrange the set of COLS residuals

VCVBK=kron((E *E)./(T-K),eye(T)); %Beck & Katz (1995) covariance matrix for each tine¥
pdr i

VCV_BK=inv(R *P*R) * (R *P*VCVBK*P*R) * inv(R *P*R); % Beck & Katz (1995) PC Covariance¥
Mat (eq. 5 & endnote 15).

st der BK=di ag( VCV_BK) . *0. 5;

% statistics

SST=(Wy-mean(Wy))' *(Wy-nean(Wy)); 9% otal Sum of Squares

SSR=resi ' *resi; %otal Sum of Residuals

stats.r2=1-SSR/ SST; % Rsq

stats.r2adj =1- ((SSR/ dof )/ (SST/ (dof +K-1))); % Rsq

if T==1; dof2=N-1; else dof2=N*(T-1); end
stats.witvar=(resi'*Qru*resi)/dof2; % w thin" variance

stats. betvar=(resi'*Pmu*resi)/ N, % between" variance

stats. aic=l og(SSKR/ (N*T)) +(2*(K+1)/ (N*T)); % kai ke Information Criterion
stats. bic=l og(SSKF/ (N*T)) +( (K+1)*l og(N*T) / (N*T)); 9Bayesi an (Schwartz) |nformation¥
€ribn

coef z[thet a, stderl, stder W st der BK] ;
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R i i I I
% Functi on G3SLS

% Esti mates GWM 3SLS.

%

% | nput :

% R set of covariates

% W onega * (-1/2) (includes Pnmu and Qmu)

% V. Onega (G 3SLS wei ghting nmatri x)

% A: matrix of instrunents

% y: dependent vari abl e

% N: nunmber of individuals

% T: nunber of tinme periods

%

% Qut put :

% theta: coefficients

% stder: standard errors of coefficients

% resi: residuals

% stats: structure containing:

% .r2: R-squared

% .r2adj: adjusted R-squared

% .witvar: sigmal-squared ('w thin' variance)

% . betvar: sigma2-squared (' between' variance)

% .aic: Akaike Information Criterion

% .bic: Bayesian (Schwarz) Information Criterion
%

N R i I i

function [coef,resi,stats] =G3SLS2(R WV, A y,GN T) %erformregression and returnse¢
toefents, residuals, and sone statistics

% auxi liary matrixes

ZMu=kr on(eye(N), ones(T, 1));

Pru=ZMu*i nv( ZM1' * ZMi) * ZMJ'

Qmu=eye( N*T) - Pnu;

cl ear ZMu

WNEKron(eye(Q, W;

WE[ W zeros(size(W1),size(W?2));zeros(size(W1),size(W2)),W;

% t het as

i nstr2SLS=A*i nv( A *V*A)*A';

i nv2SLS=i nv(R *Winstr2SLS*WR);
theta=i nv2SLS * (R *Winstr2SLS*Wy);

% resi dual s
resi =Wy- WR*t het a;

% st andard errors
st der=di ag(i nv2SLS)."0.5; %td. errors

% statistics for each equation

if T==1; dof=N-1; else dof=N*(T-1); end

K=si ze(R,2)/ G %assuming all equations have the sane nunber of regressors!!!
sysresi =reshape(resi ,N*T, G ;
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for g1:1: G
suby=y((g-1) *N*T+1: g*N*T, 1);
subresi =sysresi(:,Q);
SST=(suby- mean(suby))' *(suby-nmean(suby)); %otal Sum of Squares
SSR=subresi' *subresi; %otal Sum of Residuals
stats(g).r2=1- SSR/ SST; % Rsq
stats(g).r2adj=1-((SSR/ (N*T-K))/ (SST/(N*T-1))); % Rsq
stats(g).w tvar=(subresi'*Qru*subresi)/dof; % w thin" variance
stats(g).betvar=(subresi' *Pmu*subresi)/N;, % between" variance
stats(g).aic=log(SSR/ (N*T))+(2*(K+1)/(N*T)); % kaike Information Criterion
stats(g).bic=log(SSR/ (N*T))+((K+1)*I og(N*T)/ (N*T)); %Bayesian (Schwartz) |nformationk
€ribn
end
coef z[ t het a, st der];

% feature(' nenstats')
% whos

%VEElroy's R*2 (McElroy, 1977) and Akai ke I C for SEM

si gmachi co=si ngl e(sysresi' *sysresi/(NT));

si gma2=[ si gmachi co(1, 1) * Qmu, si gmachi co( 1, 2) *Qru; si gnmachi co(2, 1) *Qru, si gmachi co(2, 2) ¥
FQmu

stats(Gtl).r2=1-(resi' *V*resi)/ (y' *si gnma2*y);
stats(Gtl).r2adj=1-((resi'*V*resi)/(GNT-KQ)/((y *sigma2*y)/ (GNT-Q);
stats(Gtl).ai c=(GNT)*l og(det (sysresi'*sysresi/(NT)))+2* G K+G (G+1);

d=G*N*T/ (G*N*T- ( G+tK+1) ) ;

stats(Gtl).bic=(GNT)*l og(det (sysresi'*sysresi/(NT)))+2*d*(GK+0.5*G (G+1)); Y
eadt of BIC, for the systemwe estimate Al CC
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R i i I I
% Functi on G3SLS

% Esti nates GVM 3SLS.

%

% | nput :

% R set of covariates

% W onega * (-1/2) (includes Qmwu and Pnu)

% V. onega (GWM 3SLS wei ghting nmatri x)

% A: matrix of instrunents

% y: dependent vari abl e

% N: nunmber of individuals

% T: nunber of tinme periods

%

% Qut put :

% theta: coefficients

% stder: standard errors of coefficients

% resi: residuals

% stats: structure containing:

% .r2: R-squared

% .r2adj: adjusted R-squared

% .witvar: sigmal-squared ('w thin' variance)

% . betvar: sigma2-squared ('between' variance)

% .aic: Akaike Information Criterion

% .bic: Bayesian (Schwarz) Information Criterion
%

N R i I i

function [coef,resi,stats]=G3SLSM R V, A y,GN T, K) %erformregression and returns¥
toefents, residuals, and sone statistics
% auxi liary matrixes

ZMu=kron(eye(N), ones(T,1));

Pmu=zZMu*i nv(ZMi' * ZMu) * ZM*

Qmu=eye(N*T) - Prru;

clear ZMu Pru

% t het as

i nstr2SLS=A*i nv(A *V*A)*A'; %wei ghted matrix of instrunents (GVM)
i nv2SLS=i nv(R *instr2SLS*R);

theta=i nv2SLS * (R *instr2SLS*y);

clear('instr2SLS ,"inv2SLS");

% residual s
resi =y- R*t het a;

% GVM wei ghting covari ance matri x based on G 3SLS residuals (current

% esti mati on)

ENT=r eshape(resi ,N*T, G ; %arrange the set of G vectors of 3SLS residuals
%/3SLS=kron( (ENT' *ENT) ./ df , eye(N*T));

i nstr3SLS=singl e(A*i nv(A *(kron((ENT' *ENT) ./ (N*T), eye(NT)))*A) *A');

i nv3SLS=i nv(R *instr3SLS*R);

% Whi t e- Huber VCV natrix based on GVM 3SLS residuals (current estinmation)
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YeEWiNag(resi . *2). [ (NFT-K); % VCVWH nmekes conputing Wiite's covariance matri x easy
i nst r WH3SLS=si ngl e( A*i nv( A" *VCVW\H* A) *A' ) ; %wei ghted matrix of instrunments (GW)

% Onega 1. GVM 3SLS asynptotic covariance matrix with esti mated 3SLS covariance matri x
stder 1=di ag(inv3SLS).~0.5; %td. errors

% Onega 2. GVM 3SLS with White-Huber VCV matrix (Wiite, 1980) and 3SLS GwW

% wei ghting matrix

VCV_Wite=(N*T-K) * inv3SLS * (R *instr3SLS*VCWWH*i nstr3SLS*R) * inv3SLS;, % Wite' s VCV
st der 2=di ag( VCV_Wi te). 0. 5;

% Onega 3. GVM 3SLS with G wei ghted Wit e-Huber VCV matrix (Wiite, 1980) and 3SLS GwM
% wei ghting matri x

VCV_Wite=inv3SLS * (R *instr3SLS*i nstrVWH3SLS*i nstr3SLS*R) * inv3SLS; % Wite' s VCV

st der 3=di ag( VCV_Wi te). 0. 5;

clear('VCV_VWhite',"'instrWH3SLS',' VCVWH );

% Beck-Katz VCV nmatrix based on GV 3SLS residuals (current estinmation)
VCVBK=[];
for g=1:1:G
ET=reshape(ENT(:,q),T,N; %arrange the set of GWW 3SLS residuals
VCVBK=Dbl kdi ag( VCVBK, kron((ET' *ET)./(T-K), eye(T)));
end
i nstrBK3SLS=A*i nv( A" *VCVBK*A) * A" ;

% Onega 4: GMM3SLS with PCSEs (Beck & Katz, 1995)
VCV_BK=i nv3SLS * (R *instr3SLS*VCVBK*i nstr3SLS*R) * inv3SLS;
st der 4=di ag( VCV_BK) . 70. 5;

% Onega 5: GVM 3SLS with GVMwei ghted PCSEs (Beck & Katz, 1995)
VCV_BK=(N*T-K) * inv3SLS * (R *instr3SLS*instrBK3SLS*i nstr3SLS*R) * inv3SLS;
st der 5=di ag( VCV_BK) . *0. 5;

clear('instrBK3SLS ,'VCVBK' ,'VCV_BK');

% statistics for each equation
% f T==1; dof=N1; else dof=N*(T-1); end
sysresi =reshape(resi, NT, § ;
for g=1:1: G
suby=singl e(y((g-1)*NT+1: g*N*T, 1)) ;
subresi =sysresi(:,Q9);
SST=(suby- nean(suby))' *(suby-mean(suby)); %otal Sum of Squares
SSR=subresi ' *subresi; % otal Sum of Residuals
stats(g).r2=1- SSKR/ SST; % Rsq
stats(g).r2adj=1-((SSKR/ (N*T-K))/ (SST/(N*T-1))); % Rsq
stats(g).witvar=[]; % w thin" variance
stats(g).betvar=[]; % between" variance
stats(g).aic=log(SSR/ (NT))+(2*(K+1)/(NT)); % kaike Information Criterion
stats(g).bic=log(SSR/ (N*T))+((K+1)*I og(N*T)/ (N*T)); %Bayesian (Schwartz) |Infornmatione
€ribn
end
coef =[thet a, stder 1, stder 2, stder 3, stder4, stder5];
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Yo' s R*2 (McElroy, 1977) and Akaike IC for SEM

si gma2=kron(sysresi' *sysresi/(NT), Qm);

stats(Gtl).r2=1-(resi' *V*resi)/(y' *sigma2*y);

stats(Gtl).r2adj=1-((resi' *V*resi )/ (GNT-KQ)/((y *sigm2*y)/ (GNT-G);
stats(Gtl).aic=(G NT)*l og(det (sysresi'*sysresi/(NT)))+2*GK+G (Gtl);

d=G*N*T/ (G*N*T- ( G+K+1) ) ;

stats(Gtl). bic=(G NT)*l og(det (sysresi'*sysresi/(NT)))+2*d*( G K+0.5*G (G+1)); Yo
eadt of BIC, for the systemwe estimate Al CC
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R i i I I
% Functi on G3SLS

% Esti mates GWM 3SLS.

%

% | nput :

% R set of covariates

% W onega * (-1/2) (includes Qmwu and Pnu)

% V. onega (GWM 3SLS wei ghting nmatri x)

% A: matrix of instrunents

% y: dependent vari abl e

% N: nunmber of individuals

% T: nunber of tinme periods

%

% Qut put :

% theta: coefficients

% stder: standard errors of coefficients

% resi: residuals

% stats: structure containing:

% .r2: R-squared

% .r2adj: adjusted R-squared

% .witvar: sigmal-squared ('w thin' variance)

% . betvar: sigma2-squared ('between' variance)

% .aic: Akaike Information Criterion

% .bic: Bayesian (Schwarz) Information Criterion
%

N R i I i

function [coef,resi,stats] =G3SLSM hetero(R, V, A, y,G N, T,K) %erformregressi on and¢
resucoefficients, residuals, and sone statistics

% t het as

instr2SLS=A*inv(A *V*A)*A'; %weighted matrix of instrunents (GW)
i Nnv2SLS=i nv(R *instr2SLS*R);

theta=i nv2SLS * (R *instr2SLS*y);

clear('instr2SLS ,'inv2SLS');

% resi dual s
resi =y- R*t het a;

% GMM wei ghting covariance matri x based on G 3SLS residuals (current

% esti mati on)

ENT=r eshape(resi ,N*T, G ; %arrange the set of G vectors of 3SLS residuals
%/3SLS=kron( (ENT' *ENT) ./ df , eye(N*T));

i nstr3SLS=singl e(A*i nv(A *(kron((ENT" *ENT) ./ (NT), eye(NT)))*A) *A");

i nv3SLS=i nv(R *i nstr3SLS*R);

% Whi t e- Huber VCV natrix based on GV 3SLS residuals (current estination)
VCWWH=di ag(resi.2)./(NT-K); % VCVWH nmakes conputing Wiite's covariance nmatri x easy
i nst rWH3SLS=si ngl e( A*i nv( A *VCWHA) *A'); %wei ghted matrix of instrunents (GW)

% Onega 1. GVM 3SLS asynptotic covariance matrix with estimated 3SLS covariance matri x
stder1=di ag(i nv3SLS).”"0.5; %std. errors
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% Omega 2: GMM 3SLS with Wi te-Huber VCV matrix (Wiite, 1980) and 3SLS GW

% wei ghting matri x

VCV_White=(N*T-K) * inv3SLS * (R *instr3SLS*VCWWH*instr3SLS*R) * inv3SLS; % Wite' s VCV
st der 2=di ag( VCV_Wi te)."0. 5;

% Onega 3. GVM 3SLS with G wei ghted Wit e-Huber VCV matrix (Wiite, 1980) and 3SLS GwM
% wei ghting matrix

VCV_Wite=inv3SLS * (R *instr3SLS*i nstrWH3SLS*i nstr3SLS*R) * inv3SLS;, % Wite' s VCV

st der 3=di ag( VCV_Wi te)."0. 5;

clear('VCV_White', " 'instrWH3SLS',"' VCVWH );

% Beck-Katz VCV nmatrix based on GV 3SLS residuals (current estinmation)
VCVBK=[];
for g=1:1: G
ET=r eshape(ENT(:,q9),T,N; %arrange the set of GV 3SLS residuals
VCVBK=bl kdi ag( VCVBK, kron( (ET' *ET)./(T-K), eye(T)));
end
i nstrBK3SLS=A*i nv( A" *VCVBK*A) * A" ;

% Orega 4: GVWM 3SLS with PCSEs (Beck & Katz, 1995)
VCV_BK=i nv3SLS * (R *instr3SLS*VCVBK*i nstr3SLS*R) * inv3SLS;
st der 4=di ag( VCV_BK) . *0. 5;

% Onmega 5: GVM 3SLS with GMMwei ghted PCSEs (Beck & Katz, 1995)
VCV_BK=(N*T-K) * inv3SLS * (R *instr3SLS*i nstrBK3SLS*i nstr3SLS*R) * inv3SLS;
st der 5=di ag( VCV_BK) . *0. 5;

clear('instrBK3SLS ,'VCVBK' ,'VCV_BK');

% statistics for each equation
for g=1:1:(Gtl)
stats(g).r2=[]; % Rsq
stats(g).r2adj=[]; % Rsq
stats(g).witvar=[]; % w thin" variance
stats(g).betvar=[]; % between" variance
stats(g).aic=[]; %\kaike Information Criterion
stats(g).bic=[]; YBayesian (Schwartz) Information Criterion
end
coef z[thet a, stder1, stder 2, stder 3, stder4, stder5];
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% functi on COWPI LA
% This function conpiles information fromall estinations.
% Aut hor: Di ego Avanzi ni

function conpila

FE conpil a_eql;

FE conpil a_eql _newar;
FE conpil a_eq2;

FE conpil a_eq2_newar;
FE conpil a_sys;

FE conpil a_sys_newar;
RE conpi |l a_eql,;

RE conpil a_eql newar;
RE _conpi | a_eq2;

RE _conpi | a_eg2_newar;
RE _conpi | a_sys;

RE _conpi | a_sys_newar;
end
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% Functi on COVPI LA EQL
% This program conpilates information from EQUATI ON 1
% Aut hor: Di ego Avanzin

function conpila_eql

clc

clear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;
rhocases=[0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"';

G=2;

nmet odo=[ 1: 11, 14: 21, 26, 28, 30, 32]; %kip HTAM 12), HIBMS(13), G3SPD AM 22, 23),

@33,

nmet odo=si ze( net odo, 2) ;

for nt=1:1:size(ntcases, 1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp([' Caso: ' nunRstr(nt) ' N= " nunstr(N) ' T=" num2str(T)]);

for rho=1:1:size(rhocases, 1)

eI o O Y
di sp([' Rho= " nun@str(rho)]);

disp( ' e )
tic

for obs=1:1:1000

G3SPD_BMSK

filenane=[".\esti_eqllesti _eql ' nunm2str(nt, ' %3.0f") ' ' nunstr(rho, "' %3. 0¥

)

"\esti_eql_' nunRstr(nt,"'93.0f"') '_' nunRstr(rho,' %3.0f") ' _

(obs "%.0f")];

| oad(fil enane, ' rdoeql');

adi ci onal es=nnet odo;

for met=1:1:nnetodo
prmet =squeeze( net odo( 1, net));
rdo(net).coef(:,obs)=singl e(rdoeql(pnet).coef(:,1));
rdo(net).stder(:, obs)=single(rdoeql(pnet).coef(:,2));
if size(rdoeql(pnet).coef, 2)>2

for i=3:1:size(rdoeql(pnet).coef, 2)
adi ci onal es=adi ci onal es+1

nun@str v«

rdo(adi ci onal es). coef (:, obs)=singl e(rdoeql(pnet).coef(:,1));
rdo(adi ci onal es).stder(:,obs)=single(rdoeql(pnmet).coef(:,i));

end
end
end
end

filenanme=["'.\resul tados\conpi eql\conpi _eql ' nunRstr(nt,'%3.0f")
(rho "98.0f")];

numstr ¥
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save(fil enanme, 'rdo');
disp([filenane ' Saved. Continue...']);
clear('rdo");
toc
end
end
end
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% Functi on COWPI LA_EQL_NEWAR
% This program conpilates information from EQUATI ON 1
% Aut hor: Di ego Avanzin

function conpila_eql_newar

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;

rhocases=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

G=2;

nmet odo=[ 1: 5, 7: 11, 14: 21, 30]; % skip BEHTM 6), HTAM 12), HTBMS5(13), G3SPD AM 22, 23),
% G3SPD_BMS( 24, 25), G3SPD_HTMhew(26), G3SPD _Std_al ter (27, 28),
% G3SPD _Corn_al ter Pseudo-Effects (29), GSPD HTM alter (31, 32)

nmet odo=si ze( net odo, 2);

for nt=1:1:size(ntcases,1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp( ' ======================================================') |
disp([' Caso: ' numgstr(nt) ' N=' nunstr(N) ' T=' numgstr(T)]);
di sp( ' ======================================================') |

for rho=1:1:size(rhocases, 1)
o T o] (O R T ");
di sp([’ Rho= ' nun@str(rho)])

disp( ' = e )
tic

for obs=1:1:1000
filenane=['.\esti _eqllesti _eql ' nun2str(nt, ' 9%3.0f") ' ' nun2str(rho," ' %3. 0¥
f)
"\esti_eql ' nunRstr(nt, ' 93.0f") ' ' nun2str(rho," 93.0f") ' ' nunRstrv¢
(obs "%.0f")];
| oad(fil enane, ' rdoeql');
adi ci onal es=nnet odo;
for nmet=1:1:nnmetodo
pret =squeeze( net odo(1, net));
rdo(net).coef(:,obs)=singl e(rdoeql(pnet).coef(:,1));
rdo(net).stder(:, obs)=single(rdoeql(pnet).coef(:,2));
if size(rdoeql(pnet).coef,2)>2
for i=3:1:size(rdoeql(pnet).coef, 2)
adi ci onal es=adi ci onal es+1
rdo(adi ci onal es). coef (:, obs) =si ngl e(rdoeql(pnet).coef(:,1));
rdo(adi ci onal es).stder(:, obs)=singl e(rdoeql(pnet).coef(:,i));
end
end
end
end

filenanme=['.\resu\conpi _eql\conpi _eql ' nunm2str(nt, ' %3.0f"') " " nunmRstr(rho, ' %



Cepb\ Prograns\ conpil a_eql _newar. m 2 of 2

3.0f )];
save(fil enane, 'rdo');
disp([filenane ' Saved. Continue...']);
clear('rdo");
toc
end
end
end
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% Functi on COVPI LA EQ2
% This program conpilates information from EQUATI ON 2
% Aut hor: Di ego Avanzin

function conpila_eq2

clc

clear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;
rhocases=[0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"';

G=2;

nmet odo=[ 1: 11, 14: 21, 26, 28, 30, 32]; %kip HTAM 12), HIBMS(13), G3SPD AM 22, 23),

@33,

nmet odo=si ze( net odo, 2);

for nt=1:1:size(ntcases, 1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp([' Caso: ' nunRstr(nt) ' N= " num2str(N) ' T=" num2str(T)]);

for rho=1:1:size(rhocases, 1)

eI o O Y
di sp([" Rho= "' nunRstr(rho)]);

disp( ' e Y
tic

for obs=1:1:1000

G3SPD_BMS¥

filenane=[".\esti_eq2\esti _eqg2 ' nun@str(nt, ' %3.0f") ' ' nun2str(rho, ' %3. 0¥

)

"\esti_eq2_' nunRstr(nt,"93.0f") '_' nunRstr(rho,' %3.0f") ' _

(obs "%.0f")];

| oad(fil enane, ' rdoeq2');

adi ci onal es=nnet odo;

for met=1:1:nnetodo
pret =squeeze( net odo(1, net));
rdo(net).coef(:, obs)=singl e(rdoeq2(pnet).coef(:,1));
rdo(net).stder(:, obs)=single(rdoeq2(pnet).coef(:,2));
if size(rdoeqg2(pnet).coef, 2)>2

for i=3:1:size(rdoeq2(pnet).coef, 2)
adi ci onal es=adi ci onal es+1

nungstr ¥

rdo(adi ci onal es). coef (:, obs) =si ngl e(rdoeq2(pnet).coef(:,1));
rdo(adi ci onal es).stder(:, obs)=singl e(rdoeq2(pnet).coef(:,i));

end
end
end
end

filenanme=["'.\resul tados\conpi _eq2\conpi _eq2_ ' nunRstr(nt,' 3. 0f")

nunmstr ¢
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(rho "93.0f")];
save(fil enane, 'rdo');
disp([filenane ' Saved. Continue...']);
clear('rdo");
toc
end
end
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% Functi on COWPI LA_EQ_NEWAR
% This program conpilates information from EQUATI ON 2
% Aut hor: Di ego Avanzin

function conpila_eq2_newar

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;

rhocases=[0, 1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

G=2;

nmet odo=[ 1: 5, 7: 11, 14: 21, 30]; %ski p BEHTM 6), HTAM 12), HTBM5(13), G3SFE _AM 22, 23),
% G3SFE_BMS( 24, 25), G3SFE_HTMnew(26), G3SPD_Std(27, 28),
% G3SPD_Corn Pseudo- Ef fects(29), G3SPD HTM 31, 32)

nmet odo=si ze( net odo, 2);

for nt=1:1:size(ntcases,1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp( ' ======================================================') |
disp([' Caso: ' numgstr(nt) ' N=' nunstr(N) ' T=' numgstr(T)]);
di sp( ' ======================================================') |

for rho=1:1:size(rhocases, 1)
o T o] (O R T ");
di sp([’ Rho= ' nun@str(rho)])

disp( ' = e )
tic

for obs=1:1:1000
filenane=['.\esti _eq2\esti _eqg2 ' nun@str(nt, ' %3.0f"') ' ' nun2str(rho," ' %3. 0¥
f)
"\esti_eqg2 ' nunRstr(nt, ' 9%3.0f") ' ' nun2str(rho," 93.0f") ' ' nunPstr¥¢
(obs "%.0f")];
| oad(fil enane, ' rdoeq2');
adi ci onal es=nnet odo;
for nmet=1:1:nnmetodo
pret =squeeze( net odo(1, net));
rdo(net).coef(:, obs)=singl e(rdoeq2(pnet).coef(:,1));
rdo(net).stder(:, obs)=single(rdoeq2(pnet).coef(:,2));
if size(rdoeqg2(pnet).coef, 2)>2
for i=3:1:size(rdoeq2(pnet).coef, 2)
adi ci onal es=adi ci onal es+1
rdo(adi ci onal es). coef (:, obs) =si ngl e(rdoeq2(pnet).coef(:,1));
rdo(adi ci onal es).stder(:, obs)=singl e(rdoeq2(pnet).coef(:,i));
end
end
end
end

filenanme=["'.\resu\conpi _eqg2\conpi _eq2 ' nun2str(nt, ' %3.0f"') " " nunmRstr(rho, ' %
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3.0f )];
save(fil enane, 'rdo');
disp([filenane ' Saved. Continue...']);
clear('rdo");
toc
end
end
end
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% Functi on COWPI LA_SYS
% This program conpil ates information from SYSTEM
% Aut hor: Di ego Avanzin

function conpila_sys

clc
cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;
rhocases=[0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";

G=2;

nmet odo=[ 1: 5, 7: 11, 14: 21, 28, 30, 33, 34, 36, 37]; % skip BEHTM (6), HTAM 12),

% HTBMS(13), G3SPD_AM 22, 23), G3SPD BMS( 24, 25), G3SPD_HTMhew 26),
% G3SPD _Std _alter FE(27), &GSPD Corn_alter FE(29),

% G3SPD_HTM al ter Hono(31, 32), G3SPD_HTM Het er o( 35),

% G3SPD _HTM al ter Hetero(38)

nmet odo=si ze( net odo, 2);

for nt=1:1:size(ntcases,1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);

disp( o=
di sp([' Caso:

disp( —====

:::::::::::::::::::::::::::::::::::::::::::::::::' ) ;
" nunstr(nt) ' N=" nunm@str(N) ' T=" nun2str(T)]);
:::::::::::::::::::::::::::::::::::::::::::::::::' ) ,

for rho=1:1:size(rhocases, 1)

di sp(
di sp([’
disp( '
tic

Rho= "' nunm@str(rho)]);

for obs=1:1:1000

filenane=["'.\esti _sys\esti _sys ' nun@str(nt, ' %3.0f"') ' ' nun2str(rho," ' %3. 0¥

)

(obs "9%t. 0f')];

"\esti_sys ' nunstr(nt,'  9%3.0f") ' ' nun2str(rho," %3.0f") ' ' nunRstrv

| oad(fil enane, ' rdosys');
adi ci onal es=nnet odo;

for

met =1: 1: nnet odo
pret =squeeze(net odo(1, net));
if size(rdosys(pnet).coef, 2)==
rdosys(pnet). coef=NaN( 16, 8);
end
rdo(met). coef(:, obs)=singl e(rdosys(pnet).coef(:,1));
rdo(net).stder(:, obs)=single(rdosys(pnet).coef(:,2));
if size(rdosys(pnet).coef, 2)>2
for i=3:1:size(rdosys(pnet).coef, 2)
adi ci onal es=adi ci onal es+1
rdo(adi ci onal es). coef (:, obs) =si ngl e(rdosys(pnet).coef(:,1));
rdo(adi ci onal es). stder(:, obs)=singl e(rdosys(pnet).coef(:,i));
end
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end
end

end

filenane=["'.\resul tados\conpi _sys\conpi _sys ' nunRstr(nt,' %3.0f") ' ' nunm@stry
(rho "98.0f")];

save(fil enane, ' 'rdo');

disp([filenane ' Saved. Continue...']);

clear('rdo");

toc

end

end
end
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% Functi on COWPI LA_SYS_NEWAR
% This program conpil ates information from SYSTEM
% Aut hor: Di ego Avanzi ni

function conpila_sys_newar
clc
cl ear al
nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50] ;
rhocases=[0,1/12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]";
G=2;
met odo=[ 1: 5, 7: 11, 14: 21, 30]; % ski p BEHTM (6), HTAM 12),
% HTBMS(13), G3SPD_AM 22, 23), G3SPD BMS( 24, 25), G3SPD_HTMew 26),
% G3SPD_Std_alter FE(27,28), G3SPD Corn_alter FE(29),
% G3SPD HTM al ter Honop(31, 32), G3SPD Std Hetero(33),
% G3SPD _Corn Hetero(34), G3SPD _HTM Het er o( 35),
% G3SPD _Std alter Hetero(36) G3SPD Corn_alter Hetero(37),
% G3SPD HTM al ter Hetero(38)
nmet odo=si ze( met odo, 2) ;

for nt=1:1:size(ntcases,1)
N=nt cases(nt, 1);
T=nt cases(nt, 2);
d| Sp( B e el ) ,
di sp([' Caso: ' nun@str(nt) ' N= " nunm@str(N) ' T=" nun2str(T)]);
d| sp( B e e s sl ),

for rho=1:1:size(rhocases, 1)

disp( " e )
di sp([’ Rho= " nun@str(rho)])

disp( ' = meeeeemececieiecceieieeiea ")
tic

for obs=1:1:1000

filenane=['.\esti _sys\esti _sys ' nun@str(nt, ' %3.0f"') ' ' nunstr(rho, "' %3. 0¥

)

"\esti_sys ' nun@str(nt,' %3.0f") ' ' nun2str(rho," %3.0f") ' ' nunstr¥

(obs " 9%t.0f")];
| oad(fil enane, ' rdosys');
adi ci onal es=nmnet odo;
for nmet=1:1:nnetodo
prmet =squeeze(net odo( 1, net));
if size(rdosys(pnet).coef, 2)==
rdosys(pnet). coef =NaN( 16, 8);
end
rdo(net). coef(:, obs)=singl e(rdosys(pnet).coef(:,1));
rdo(nmet).stder(:, obs)=single(rdosys(pmnet).coef(:,2));
if size(rdosys(pnet).coef, 2)>2
for i=3:1:size(rdosys(pnet).coef, 2)
adi ci onal es=adi ci onal es+1
rdo(adi ci onal es). coef (:, obs) =si ngl e(rdosys(pnet).coef(:,1));
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rdo(adi ci onal es). stder(:, obs)=singl e(rdosys(pnet).coef(:,i));

end
end
end

end

filenanme=["'.\resu\conpi _sys\conpi _sys ' nunm2str(nt,  %3.0f") " " nunmRstr(rho, %
3.0f )];

save(fil enane, 'rdo');

disp([filenane ' Saved. Continue...']);

clear('rdo");

toc

end

end

end
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% Functi on STATS_EQL
% Thi s program perform conpl enentary estimations for the EQUATION 1
% Aut hor: Di ego Avanzin

function stats_eql

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2; 9% unber of equations

K=1000; % unber of iterations

nt maxegl=7; %vaxi num nunber of estimated NT conbi nations

met odo=[ 1: 5, 7: 11, 15: 17, 22, 49, 53] ;

nmet odo=si ze( net odo, 2); %0 nethods

st at seql=si ngl e( zeros(nt maxeql, 11, nnet odo, 8,9)); % NT conbinations, 11 RHOs, 50«
odsh 8 paraneters, 9 neasures

nvars=[7,4,4,ones(1,7)*7,4,3,8,0nes(1,3)*8]; % ncludes the constant term

for nt=1:1: ntmaxeql % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);

d| Sp( B e e el ) ;
di sp([' Caso: ' nunmRstr(nt) ' = ' numstr(N) ' = ' nunkstr(T)]);
d| Sp( ! oo oo oo oo oo oo oo ————————=—=' );
for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " s ")
di sp([’ Rho= ' nun2str(rho)])
disp( © o OF
tic
filenanme=[".\resul tados\conpi _eql\conpi _eql ' nunRstr(nt,  %3.0f") ' ' nunm@strv¢

(rho "98.0f")];

| oad(fil enane, ' rdo');

truepar=[ 0.055; w2
8 %1
2; %x 2
5; %3
7
5
8

; %l
; % 2

; %hi 1
1]; %rul

for met=1:1:nnetodo
pmet =squeeze(nmetodo(1, met)); %untero de netodo
for paranel: 1:8
coef =si ngl e(squeeze(rdo(pmet). coef (param:)))';
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";
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Relva Absol ute Bi

¥*100 %Rel ative

*100 9%R=el ative

% SSSE (Sum of Sampl e Squared Errors)
SSSE=( coef - nean(coef)) ' *(coef - nean(coef));

% SSE (Sum of Squared Errors)
SSE=sumn( (coef -truepar(param 1))."2);

% SE (Sum of Errors)
SE=suni{ coef-truepar(param1));

% B (Bias) -- statis: 1,2,3

statseql(nt,rho, met, param 1) =SE/ K; %Bi as

statseql(nt,rho, met, param 2) =(SE/ K)."2; %Squared Bi as

stat seql(nt,rho, met, param 3)=abs( (SE/ K) / truepar(param 1) )*100; %
as

% E (Efficiency) -- statis: 4,5

statseql(nt,rho, met, param 4) =(SSSE/ (K-1))".5; %fficiency

stat seql(nt,rho, met, param 5)=abs( ((SSSE/ (K-1))~.5) / truepar(param1l) )«
Ef ficiency

% RVSE (Root Mean Squared Error) -- statis: 6,7

st at seql(nt, rho, net, param 6) =( SSE/ (K-1))".5; 9YRVSE

stat seql(nt,rho, met, param 7)=abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
RVSE

% OC (Overconfidence) -- statis: 8
Sumvar =sum(stder.”2); %uma de | as varianzas de |os coeficientes
stat seql(nt,rho, met, param 8)=( (SSSE”.5)/(Sunvar”~.5) )*100;

% "95% si ze" -- statis: 9
t _value=tinv(0.975 N*T-nvars(1,net)); %t value for a 't' Test, 2 tails, ¥

96&nfi dence; nvars includes the constant term

atnRnet) '

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef - (t _val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunmbers in stder: net 'v¢
param ' nunstr(param]); end

condi =(t ruepar (param 1) <=UB) &(t r uepar ( param 1) >=LB);

statseql(nt,rho, met, param 9)=( sun(condi)/K )*100; %ounts the nunber of ¥

tthe true paranmeter belong to the estinmated interval

%
%
%
%
%

% Adi tional neasures

% Alternative RMSE -- statis: 10,11
stat seql(nt, rho, net, param 10) =(st at seql(nt, rho, net, param 1) *2+st at seql¥

¢ho, net, param 4)"2)~.5; %lternati ve RMSE

%

st at seql(nt, rho, net, param 11) =abs( st at seql(nt, rho, net, param 10) /¢

pauéparam 1) )*100; %alternative Rel ative RMSE

%
%
%

% ASE (" Average" Standard Error) -- statis: 12
st at seql(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standardv
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Ejro
end
end

end
toc
end
filenane=".\resultados\stats\stats eql';
save(fil enane, ' statseql');
disp([filenane ' guardado. Continuar...']);
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% Functi on STATS_EQL_NEWAR
% Thi s program perform conpl enentary estimations for the EQUATION 1
% Aut hor: Di ego Avanzin

function stats_eql_newar

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2; 9% unber of equations

K=1000; % unber of iterations

nt maxegl=5; % axi num nunber of estimated NT conbi nations

nmet odo=[ 1: 10, 14: 16, 19, 38, 42, 44];

nmet odo=si ze( net odo, 2);

st at seql=si ngl e( zeros(nt maxeql, 11, nnet odo, 8,9)); % NT conbinations, 11 RHOs, ##«
odsh 8 paraneters, 9 neasures

nvars=[7,4,4,ones(1,7)*7,4,3,8,0ones(1,4)*8]; % ncludes the constant term

for nt=1:1: ntmaxeql % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( ' ===================sososososoooooooooooooooooooooooooo )
di sp([' Caso: ' nun@str(nt) ' = ' nun@2str(N) ' ="' nunstr(T)]);
di sp( ' ===================sosososooooooosoooooooooooooooooooo )
for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " e ")
di sp([’ Rho= ' nun2str(rho)])
disp( ' e ")
tic
filenanme=[".\resu\conpi _eql\conpi _eql ' nun2str(nt, %3.0f") " " numRstr(rho, %
3.0f )1;
| oad(fil enane, ' rdo');
truepar=[ 0.055; w2
8; %1
2; Ux 2
5; 93
7; %zl
5; %z 2
8; %hi 1
1]; %rul

for met=1:1:nnetodo
pmet =squeeze(nmetodo(1, met)); %untero de netodo
for paranel: 1:8
coef =si ngl e(squeeze(rdo(pmet). coef (param:)))';
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";
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Relva Absol ute Bi

¥*100 %Rel ative

*100 %=el ative

% SSSE (Sum of Sampl e Squared Errors)
SSSE=( coef - nean(coef)) ' *(coef - nean(coef));

% SSE (Sum of Squared Errors)
SSE=sumn( (coef -truepar(param 1))."2);

% SE (Sum of Errors)
SE=suni{ coef-truepar(param1));

% B (Bias) -- statis: 1,2,3

st at seql(nt, rho, net, param 1) =SE/ K; 9Bi as

stat seql(nt, rho, net, param 2) =( SE/ K)."2; %squar ed Bi as

stat seql(nt, rho, net, param 3) =abs( (SE/K) / truepar(param1l) )*100; %«
as

% E (Efficiency) -- statis: 4,5

stat seql(nt, rho, net, param 4)=(SSSE/ (K-1))".5; %fficiency

st at seql(nt, rho, net, param 5) =abs( ((SSSE/(K-1))".5) / truepar(paraml) )«
Ef ficiency

% RVSE (Root Mean Squared Error) -- statis: 6,7

statseql(nt,rho, met, param 6) =( SSE/ (K-1))".5; Y%RVBE

stat seql(nt,rho, met, param 7)=abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
RVSE

% OC (Overconfidence) -- statis: 8
Sumvar =sum(stder.”2); %uma de | as varianzas de |os coeficientes
stat seql(nt,rho, met, param 8)=( (SSSE”.5)/(Sunvar”~.5) )*100;

% "95% si ze" -- statis: 9
t _value=tinv(0.975 N*T-nvars(1,net)); %t value for a 't' Test, 2 tails, ¥

96&nfi dence; nvars includes the constant term

atnRnet) '

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef - (t_val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunbers in stder: net '¢
param ' nunstr(param]); end

condi =(t ruepar (param 1) <=UB) &t r uepar ( param 1) >=LB) ;

stat seql(nt, rho, net, param 9) =( sum(condi )/ K )*100; %ounts the nunber of ¢

tthe true paranmeter belong to the estinmated interval

% Bi as of the Std. Error -- statis: 10
st at seql(nt, rho, net, param 10) =(std(coef)-(sun(stder)/K))/std(coef)*100; ¢

YBSE (Bias of the Standard Error)

%
%
%
%
%

% Adi tional neasures

% Alternative RVMSE -- statis: 10,11
st at seql(nt, rho, net, param 10) =(st at seql(nt, rho, net, param 1) *2+st at seql¥

¢ho, net, param 4)"2)~.5; %lternati ve RVMSE
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% st at seql(nt, rho, net, param 11) =abs(st at seql(nt, rho, net, param 10) / «
pauéparam 1) )*100; %lternative Rel ative RMVSE
%

% % ASE (" Average" Standard Error) -- statis: 12
% st at seql(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standardv¢
Ejro
end
end

end

toc
end

filenane='.\resu\stats\stats eql';
save(fil enane, ' statseql');
di sp([filenanme ' guardado. Continuar...']);
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% Functi on STATS_EQ
% Thi s program perform conpl enentary estimations for the EQUATION 2
% Aut hor: Di ego Avanzin

function stats_eq2

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2; 9% unber of equations

K=1000; % unber of iterations

nt maxeg2=7; %vaxi num nunber of estimated NT conbi nations

met odo=[ 1: 5, 7: 11, 15: 17, 22, 49, 53] ;

nmet odo=si ze( net odo, 2); %0 nethods

st at seq2=si ngl e( zer os(nt maxeq2, 11, nnet odo, 8,9)); % NT conbinations, 11 RHOs, 50«
odsh 8 paraneters, 9 neasures

nvars=[7,4,4,ones(1,7)*7,4,3,8,0nes(1,3)*8]; % ncludes the constant term

for nt=1:1: ntmaxeq2 % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);

d| Sp( B e e el ) ;
di sp([' Caso: ' nunmRstr(nt) ' = ' numstr(N) ' = ' nunkstr(T)]);
d| Sp( ! oo oo oo oo oo oo oo ————————=—=' );
for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " s ")
di sp([’ Rho= ' nun2str(rho)])
disp( © o OF
tic
filenanme=[".\resul tados\conpi _eq2\conpi _eq2 ' nunRstr(nt,  %3.0f") ' ' nunm@strv¢

(rho "98.0f")];
| oad(fil enane, ' rdo');

truepar=[ -0. 2; %yl
12; U 1
%4
95
%l
%3
% ar phi 2
; %phi 2

PO WA

—_— -

1

for met=1:1:nnetodo
pmet =squeeze(nmetodo(1, met)); %untero de netodo
for paranel: 1:8
coef =si ngl e(squeeze(rdo(pmet). coef (param:)))';
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";
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Relva Absol ute Bi

¥*100 %Rel ative

*100 9%R=el ative

% SSSE (Sum of Sampl e Squared Errors)
SSSE=( coef - nean(coef)) ' *(coef - nean(coef));

% SSE (Sum of Squared Errors)
SSE=sumn( (coef -truepar(param 1))."2);

% SE (Sum of Errors)
SE=suni{ coef-truepar(param1));

% B (Bias) -- statis: 1,2,3

stat seq2(nt, rho, met, param 1) =SE/ K; %Bi as

stat seq2(nt, rho, met, param 2) =( SE/ K) . ~2; %BSquared Bi as

stat seq2(nt, rho, met, param 3) =abs( (SE/K) / truepar(param 1) )*100; %
as

% E (Efficiency) -- statis: 4,5

stat seq2(nt, rho, met, param 4) =(SSSE/ (K- 1) )*.5; %fficiency

stat seq2(nt, rho, met, param 5) =abs( ((SSSE/ (K-1))~.5) / truepar(param1l) )«
Ef ficiency

% RVSE (Root Mean Squared Error) -- statis: 6,7

st at seq2(nt, rho, net, param 6) =( SSE/ (K-1))".5; 9YRVSE

stat seq2(nt,rho, met, param 7) =abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
RVSE

% OC (Overconfidence) -- statis: 8
Sumvar =sum(stder.”2); %uma de | as varianzas de |os coeficientes
stat seq2(nt, rho, met, param 8) =( (SSSE”. 5)/(Sunwvar”~.5) )*100;

% "95% si ze" -- statis: 9
t _value=tinv(0.975 N*T-nvars(1,net)); %t value for a 't' Test, 2 tails, ¥

96&nfi dence; nvars includes the constant term

atnRnet) '

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef - (t _val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunmbers in stder: net 'v¢
param ' nunstr(param]); end

condi =(t ruepar (param 1) <=UB) &(t r uepar ( param 1) >=LB);

statseq2(nt,rho, net, param 9)=( sun(condi)/K )*100; %ounts the nunber of ¥

tthe true paranmeter belong to the estinmated interval

%
%
%
%
%

% Adi tional neasures

% Alternative RMSE -- statis: 10,11
st at seq2(nt, rho, net, param 10) =(st at seq2(nt, r ho, net, param 1) *2+st at seq2«

¢ho, net, param 4)"2)~.5; %lternati ve RMSE

%

st at seq2(nt, rho, net, param 11) =abs( st at seq2(nt, rho, net, param 10) /¢

pauéparam 1) )*100; %alternative Rel ative RMSE

%
%
%

% ASE (" Average" Standard Error) -- statis: 12
st at seq2(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standardv
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Ejro
end
end

end
toc
end
filenane=".\resultados\stats\stats eq2';
save(fil enane, ' statseq2');
disp([filenane ' guardado. Continuar...']);



Cegb\ Prograns\ stats_eq2 newar. m 1 of 3

% Functi on STATS _EQ2_NEWAR
% Thi s program perform conpl enentary estimations for the EQUATION 2
% Aut hor: Di ego Avanzin

function stats_eq2_newar

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2; 9% unber of equations

K=1000; % unber of iterations

nt maxeg2=5; % axi num nunber of estimated NT conbi nations

nmet odo=[ 1: 10, 14: 16, 19, 38, 42, 44];

nmet odo=si ze( net odo, 2);

st at seq2=si ngl e( zeros(nt maxeq2, 11, nnet odo, 8,9)); % NT conbinations, 11 RHOs, ##«
odsh 8 paraneters, 9 neasures

nvars=[7,4,4,ones(1,7)*7,4,3,8,0ones(1,4)*8]; % ncludes the constant term

for nt=1:1: ntmaxeq2 % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);

d| Sp( B e e el ) ;
di sp([' Caso: ' nunmRstr(nt) ' = ' numstr(N) ' = ' nunkstr(T)]);
d| Sp( ! oo oo oo oo oo oo oo ————————=—=' );
for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " s ")
di sp([’ Rho= ' nun2str(rho)])
disp( © o OF
tic
filenanme=[".\resu\conpi _eqg2\conpi _eq2 ' nun2str(nt, %3.0f") " " numRstr(rho, %

3.0f )];
| oad(fil enane, ' rdo');

truepar=[ -0. 2; %yl
12; U 1
%4
95
%l
%3
% ar phi 2
; %phi 2

PO WA

—_— -

1

for met=1:1:nnetodo
pmet =squeeze(nmetodo(1, met)); %untero de netodo
for paranel: 1:8
coef =si ngl e(squeeze(rdo(pmet). coef (param:)))';
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";
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Relva Absol ute Bi

¥*100 %Rel ative

*100 %=el ative

% SSSE (Sum of Sampl e Squared Errors)
SSSE=( coef - nean(coef)) ' *(coef - nean(coef));

% SSE (Sum of Squared Errors)
SSE=sumn( (coef -truepar(param 1))."2);

% SE (Sum of Errors)
SE=suni{ coef-truepar(param1));

% B (Bias) -- statis: 1,2,3

st at seq2(nt, rho, net, param 1) =SE/ K; %Bi as

st at seq2(nt, rho, net, param 2) =( SE/ K) . *2; %squar ed Bi as

st at seq2(nt, rho, net, param 3) =abs( (SE/ K) / truepar(param1l) )*100; %«
as

% E (Efficiency) -- statis: 4,5

st at seq2(nt, rho, net, param 4) =(SSSE/ (K-1))".5; %fficiency

st at seq2(nt, rho, net, param 5) =abs( ((SSSE/(K-1))".5) / truepar(paraml) )«
Ef ficiency

% RVSE (Root Mean Squared Error) -- statis: 6,7

st at seq2(nt, rho, met, param 6) =( SSE/ (K-1))".5; Y%RVBE

stat seq2(nt,rho, met, param 7) =abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
RVSE

% OC (Overconfidence) -- statis: 8
Sumvar =sum(stder.”2); %uma de | as varianzas de |os coeficientes
stat seq2(nt, rho, met, param 8) =( (SSSE”. 5)/(Sunwvar”~.5) )*100;

% "95% si ze" -- statis: 9
t _value=tinv(0.975 N*T-nvars(1,net)); %t value for a 't' Test, 2 tails, ¥

96&nfi dence; nvars includes the constant term

atnRnet) '

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef - (t_val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunbers in stder: net '¢
param ' nunstr(param]); end

condi =(t ruepar (param 1) <=UB) &t r uepar ( param 1) >=LB) ;

st at seq2(nt, rho, net, param 9) =( sum(condi )/ K )*100; %ounts the nunber of ¥

tthe true paranmeter belong to the estinmated interval

reptions

% Bi as of the Std. Error
serep=var(coef)”0.5; %td. error of the estimted coefficient overv¢

st at seq2(nt, rho, net, param 10) =(serep-(sum(stder)/K))/serep*100; % BSE¥

6Bbh the Standard Error)

%
%
%
%
%

% Adi tional neasures

% Alternative RVMSE -- statis: 10,11
st at seq2(nt, rho, net, param 10) =(st at seq2(nt, r ho, net, param 1) *2+st at seq2«
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¢ho, net, param 4)"2)~.5; %lternati ve RVMSE

% st at seq2(nt, rho, net, param 11) =abs( st at seq2(nt, rho, net, param 10) /¥
pauéparam 1) )*100; %alternative Rel ative RMSE

%

% % ASE (" Average" Standard Error) -- statis: 12
% st at seq2(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standarde
Ejro
end
end

end

toc
end

filenane='.\resu\stats\stats _eq2';
save(fil enane, ' statseq2');
di sp([filenane ' guardado. Continuar...']);
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% Functi on STAT_SYS
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function stat_sys

clc
cl ear al
nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T
mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio
G=2; 9% unber of equations
K=1000; % unber of iterations
nt maxsys=7; %vaxi num nunber of estimated NT conbi nations
met odo=[ 1: 10, 14: 16, 20, 49, 53] ;
nmet odo=si ze( net odo, 2); %0 nethods
st at ssys=si ngl e( zer os( nt maxsys, 11, nnet odo, 16, 9)); % NT conbi nations, 11 RHOs, 50
odsh 16 paraneters, 9 neasures
nvars=[7,4,4,ones(1,7)*7,4,3,8,0nes(1,3)*8]; % ncludes the constant term
for nt=1:1: ntmaxsys % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);
di sp( ' =============sssssssosoooooooooooooooooooooooooooooooo )
di sp([' Caso: ' nunmRstr(nt) ' = ' numstr(N) ' = ' nunkstr(T)]);
di sp( ' ===================sosososooooooosoooooooooooooooooooo )
for rho=1:1:size(rhocases, 1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( ' e ")
di sp([’ Rho= ' nun2str(rho)]);
disp( ' s DE
tic
filenane=[".\resul tados\conpi _sys\conpi _sys ' nun2str(nt,' %3.0f") ' ' nunm@strv¢

(rho "98.0f")];

| oad(fil ename, 'rdo");

truepar =[ 0.055; %2
8; %1
2; %2
5; %3
7
5
8
1

; %l

; % 2

; %var phi 1
; %hi 1
-0. 2; %yl

12; 1

94

95

%l

%3

g o wA
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4; %var phi 2
1]; %phi 2

for met=1:1: nmetodo
pnet =squeeze(net odo( 1, net)); %untero de netodo
for parame=l:1:16
coef =si ngl e(squeeze(rdo(pret). coef (param:)))";
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";

% SSSE (Sum of Sanpl e Squared Errors)
SSSE=( coef - mean(coef)) ' *(coef-nean(coef));

% SSE (Sum of Squared Errors)
SSE=sun( (coef -truepar (param 1))."2);

% SE (Sum of Errors)
SE=sun{ coef -t ruepar (param 1) );

% B (Bias) -- statis: 1,2,3

stat ssys(nt, rho, net, param 1) =SE/ K; %Bi as

stat ssys(nt,rho, met, param 2) =( SE/ K) . *2; %Bquar ed Bi as

stat ssys(nt,rho, met, param 3)=abs( (SE/K) / truepar(param 1) )*100; %
Relva Absol ute Bias

% E (Efficiency) -- statis: 4,5

stat ssys(nt, rho, met, param 4) =(SSSE/ (K-1))~.5; %fficiency

stat ssys(nt,rho, met, param 5) =abs( ((SSSE/ (K-1))~.5) / truepar(param1l) )«
*100 9%Rel ative Efficiency

% RMSE (Root Mean Squared Error) -- statis: 6,7

stat ssys(nt,rho, met, param 6) =( SSE/ (K-1))".5; Y%RVBE

stat ssys(nt,rho, met, param 7) =abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
*100 9%Rel ative RMSE

% OC (Overconfidence) -- statis: 8
Sunmvar =sun(stder.”2); %unme de |as varianzas de |os coeficientes
st at ssys(nt, rho, net, param 8) =( (SSSE*. 5)/( Sunmvar”~.5) )*100;

% "95% si ze" -- statis: 9

t_value=tinv(0.975 N*T-nvars(1,met)); %t value for a 't' Test, 2 tails, ¥
968mf i dence; nvars includes the constant term

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef- (t _val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunmbers in stder: net '¢
sungnet) ' param ' nunRstr(param)]); end

condi =(truepar (param 1) <=UB) &(t ruepar ( param 1) >=LB) ;

st at ssys(nt, rho, net, param 9) =( sum(condi )/ K )*100; % ounts the nunber of ¢
tthe true paranmeter belong to the estinmated interval

% % Adi tional neasures
% R
%
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% % Al ternative RVMSE -- statis: 10,11

% st at ssys(nt, rho, net, param 10) =(st at ssys(nt, rho, net, param 1) *2+st at sSsys¥
¢ho, net, param 4)"2)~.5; %alternati ve RVMSE

% st at ssys(nt, rho, net, param 11) =abs( st at ssys(nt, rho, net, param 10) /¥

pauéparam 1) )*100; %lternative Rel ative RMSE
%

% % ASE (" Average" Standard Error) -- statis: 12
% stat ssys(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standardv
Ejro
end
end

end

toc
end

filenane=".\resul tados\stats\stats sys';
save(fil enane, ' statssys');
di sp([filenanme ' guardado. Continuar...']);
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% Functi on STATS_SYS NEWAR
% Thi s program perform conpl ementary estimations for the SYSTEM
% Aut hor: Di ego Avanzin

function stats_sys_newar

clc

cl ear al

nt cases=[ 20, 15; 20, 30; 20, 50; 60, 15; 60, 30; 60, 50; 200, 15; 200, 30; 200, 50]; %onbi nati ons of (N, ¥
T

mkes=[ 0, 1/ 12,1/6,1/4,1/3,1/2,2/3,3/4,5/6,11/12,1]"; %/w ratio

G=2; 9% unber of equations

K=1000; % unber of iterations

nt maxsys=4; %vaxi num nunber of estimated NT conbi nations

nmet odo=[ 1: 10, 14: 16, 19, 38, 42, 44];

nmet odo=si ze( net odo, 2);

st at ssys=si ngl e( zer os( nt maxsys, 11, nnet odo, 16, 9)); % NT conbi nations, 11 RHOs, ##¥¢
odsh 16 paraneters, 9 neasures

nvars=[7,4,4,ones(1,7)*7,4,3,8,0nes(1,4)*8]; % ncludes the constant term

for nt=1:1: ntmaxsys % up to 9 conbinations of N and T
N=nt cases(nt, 1);
T=nt cases(nt, 2);

di sp( ' ====================ssossosoosoooooooooooooooooooooooot )
di sp([' Caso: ' nun@str(nt) ' = ' nun@2str(N) ' ="' nunstr(T)]);
di sp( ' ===================sosososooooooosoooooooooooooooooooo )
for rho=1:1:size(rhocases,1) % 11 rho (rhonu/rhoepsilon) coefficients
disp( " e DE
di sp([’ Rho= ' nun2str(rho)]);
disp( ' s DE
tic
filenanme=[".\resu\conpi_sys\conpi _sys ' nun2str(nt, %3.0f") " " numRstr(rho, %
3.0f )1;
| oad(fil ename, 'rdo");
truepar =[ 0.055; %2
8; U 1
2; Ux 2
5; 93
7, %l
5; % 2
8; %var phi 1
1; %hi 1
-0. 2; %1
12; %1
7; %x4
3; 95
6; %zl
5; % 3
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4; %var phi 2
1]; %phi 2

for met=1:1: nmetodo
pnet =squeeze(net odo( 1, net)); %untero de netodo
for parame=l:1:16
coef =si ngl e(squeeze(rdo(pret). coef (param:)))";
st der =si ngl e(squeeze(rdo(pnet).stder(param:)))";

% SSSE (Sum of Sanpl e Squared Errors)
SSSE=( coef - mean(coef)) ' *(coef-nean(coef));

% SSE (Sum of Squared Errors)
SSE=sun( (coef -truepar (param 1))."2);

% SE (Sum of Errors)
SE=sun{ coef -t ruepar (param 1) );

% B (Bias) -- statis: 1,2,3

stat ssys(nt, rho, net, param 1) =SE/ K; %Bi as

stat ssys(nt,rho, met, param 2) =( SE/ K) . *2; %Bquar ed Bi as

stat ssys(nt,rho, met, param 3)=abs( (SE/K) / truepar(param 1) )*100; %
Relva Absol ute Bias

% E (Efficiency) -- statis: 4,5

stat ssys(nt, rho, met, param 4) =(SSSE/ (K-1))~.5; %fficiency

stat ssys(nt,rho, met, param 5) =abs( ((SSSE/ (K-1))~.5) / truepar(param1l) )«
*100 9%Rel ative Efficiency

% RMSE (Root Mean Squared Error) -- statis: 6,7

stat ssys(nt,rho, met, param 6) =( SSE/ (K-1))".5; Y%RVBE

stat ssys(nt,rho, met, param 7) =abs( ((SSE/ (K-1))~.5 ) / truepar(paraml) )«
*100 9%Rel ative RMSE

% OC (Overconfidence) -- statis: 8
Sunmvar =sun(stder.”2); %unme de |as varianzas de |os coeficientes
st at ssys(nt, rho, net, param 8) =( (SSSE*. 5)/( Sunmvar”~.5) )*100;

% "95% si ze" -- statis: 9

t_value=tinv(0.975 N*T-nvars(1,met)); %t value for a 't' Test, 2 tails, ¥
968mf i dence; nvars includes the constant term

UB=coef +(t _val ue*stder); % nterval upper bound

LB=coef- (t _val ue*stder); % nterval |ower bound

if ~isreal (UB) || ~isreal (LB);disp(['Non-real nunmbers in stder: net '¢
sungnet) ' param ' nunRstr(param)]); end

condi =(truepar (param 1) <=UB) &(t ruepar ( param 1) >=LB) ;

st at ssys(nt, rho, net, param 9) =( sum(condi )/ K )*100; % ounts the nunber of ¢
tthe true paranmeter belong to the estinmated interval

% Bi as of the Std. Error
serep=var(coef)”0.5; %td. error of the estimated coefficient overv
feptions
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stat ssys(nt, rho, net, param 10) =(serep- (sun(stder)/K))/serep*100; % BSEv
6Bbh the Standard Error)

% % Adi tional neasures

% N R

%

% % Alternative RVMSE -- statis: 10,11

% st at ssys(nt, rho, net, param 10) =(st at ssys(nt, rho, net, param 1) *2+st at ssys«¥
¢ho, net, param 4)"2)~.5; %alternati ve RVMSE

% st at ssys(nt, rho, net, param 11) =abs( st at ssys(nt, rho, net, param 10) /¢

pauéparam 1) )*100; %alternative Rel ative RMSE
%

% % ASE (" Average" Standard Error) -- statis: 12
% stat ssys(nt, rho, net, param 12) =sun(stder)/K; % ASE ("Average" Standardv¢
Ejro
end
end

end

toc
end

filenane='.\resu\stats\stats sys';
save(fil enane, ' statssys');
di sp([filenanme ' guardado. Continuar...']);



