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Abstract
The ability of contributory pension policy to replace earnings in old age is heavily impaired when
cumulative contribution frequencies are low. With evidence from Chile, this paper finds that
cumulative contribution frequency is unrelated to average relative earnings for relative earnings
above a threshold. However, below the threshold, lower relative taxable earnings are correlated with
strong reductions in contribution frequency. Stratification by earnings of the frequency of
contributions pushes low earners into partial pensions or none. Exclusion of data for individuals with
less than 15 years of contribution, as in some OECD countries (e.g. Spain and U.S.A.), would conceal
stratification in Chile. Stratification remains strong for different averaging periods and for younger
cohorts. When young participants look forward and assess the risk of having low contribution
frequencies in the future, they find that this risk reaches a peak at the third quintile of relative
earnings, where it is twice as large as in the first and fifth quintiles. Exploring causality below the
threshold, the paper finds that relative earnings causes cumulative contribution frequency, in the
cross-section of lifetime outcomes. The discussion of mechanisms suggests an explanation of general
applicability: enforcement inequality. This is linked to a short-term view of informality.
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I.

Introduction

The issues treated here are of general interest. First, in most emerging economies jobs of short duration,
on call and part time are the majority. Many exhibit high degrees of informality (Jenkins 1993, Ginneken
2003).4 Informality means incomplete or no compliance with social insurance laws and labor laws
(Almeida and Carneiro 2012). Next, in advanced economies the prevalence of such jobs appears to be
increasing because of the “gig” jobs created by the new technologies.
Informality and high churning reduce incentives for employers to engage in medium-term investments
on vocational training and on-the-job learning, and may induce some young people to invest less in
schooling (Lagakos et al 2018, Bobba et al 2019). More informality also enfeebles contribution histories
for all the branches of social insurance financed with long-term contributions, not just pensions, pushing
many workers into partial benefits or even to lose access to contributory benefits.5
When low frequencies of contribution expand to the third and fourth quintile of earnings, the sufficiency
of pensions for the middle class suffers the most. Indeed, the first and second quintiles can be rescued
with non-contributory pensions (tax financed), but any such benefits are deemed relatively small by the
third and fourth quintiles. Thus, low frequencies of contribution extend pension insufficiency to the
middle classes ( World Bank 2019, Packard et al 2018, Valdés-Prieto (ed.) 2018).
This paper explores empirically the link between earnings and the cumulative frequency of contributions
to social insurance, at the individual level. Is cumulative frequency of contributions stratified by
earnings? To provide an answer, this paper defines “relative earnings” for each individual in two stages:
for each month, the number of “points” he/she accrues is the ratio between taxable earnings declared to
social insurance and the contemporaneous national average taxable earnings. The second stage
averages the “points” he/she accrued over some averaging period, over months with positive points. The
averaging period runs from 6 years to the full working life. Separately, the frequency of contribution is
defined as the proportion of months in a given period that register a positive contribution, whatever its
size. Conceptually, this frequency depends on churning of workers between covered (or formal) paid
jobs and all other uses of time.
The panel data used here is taken from two waves of the Chilean EPS survey, for 2006 and 2015. This is
a longitudinal and random survey. Respondents are also matched with administrative panel data, which
supplies the amount contributed each month between May 1981 and December 2015.
The main finding is that for relative earnings above certain threshold, cumulative contribution frequency
is unrelated to average relative earnings. However, below that threshold, lower relative taxable earnings
are correlated with strong reductions in contribution frequency. Stratification by earnings of the
frequency of contributions pushes many low earners into partial pensions or even to lose access to
contributory pensions. This finding is robust: it remains strong for the next younger cohort and survives
unscathed for all averaging periods between 6 years and the full working life.
Why stratification has not received adequate attention in the literature? The nonlinear relationship
between frequency of contribution and relative earnings suggests that data truncation may hide it.
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In the last 20 years, emerging economies have increased per capita GDP substantially, but this happened without
increasing the share of employment that is formal, contradicting expectations (Rutkowski, 2018).
5
The countries that subscribed two major ILO conventions (1952, 1967) agree that the label ”full” pension should
be reserved for the benefits for participants who contributed 30 years or more. Other benefits should be labeled
“partial” pensions. With less than 10 years the contributory benefit can be zero.

Indeed, recalculation of results for our data after excluding observations with less than 15 years of
contributions has a dramatic effect: stratification disappears, for all averaging periods.
This truncation is prevalent in OECD countries. For example, Spanish administrative data excludes those
who contributed less than 15 years, because this is social insurance’s qualification period, meaning that
no contributory benefits are provided to individuals who don’t meet it. A similar truncation is present in
most administrative data for the U.S.A.’s Social Security program, because positive benefits are
conditional on completing 10 years of contribution.
This helps explain why stratification was not detected before. In Spain, the administrative data gives the
appearance of almost no stratification by schooling, a proxy for relative earnings. For example, for
Spanish men born in the 1920’s who contributed for 15 years or more, the average number of years of
contribution was 37.9 for those with primary education and 38.2 for those with some higher education
(Sánchez, 2017). Chilean data exhibits the same result after truncation.
How large is the risk of having a low frequency of contribution in the future? For a sample of participants
aged 25 to 35 in 1995, we compute the actual contribution frequencies observed in the next 20 years,
and their distribution in each bin of initial average relative earnings. The dispersion of future
contribution frequencies is measured by the difference between the 25th and the 75th percentile. We
find that dispersion of future frequencies reaches a peak at the third quintile of initial average relative
earnings, in 1995. Dispersion in the third quintile is about twice as large as in the first and fifth quintiles.
This means that members of the third quintile bear a higher risk of having a low contributory
replacement rate than other quintiles. The implication is an “inverse polarization” of those labor market
risks that impinge on pensions. This finding appears to be new.
The threshold that limits the stratification region is determined empirically by nonparametric methods.
The result is a threshold at 1.10 points of average relative earnings for the lifetime averaging period. In
our main sample, 79% of covered workers are in the stratification region.
Few emerging countries have panel data sets as the one used here, but many have cross-section surveys.
If a cross-section survey includes questions like “Did you contribute last month?” it appears possible to
measure stratification of contribution frequency. Since this question is available in Chile’s main crosssection survey, we compare the results from that source, using a probit, with the results from our panel
data set. Unfortunately, the performance of the cross-section approach is disappointing: its estimates
for the frequency of contribution are heavily biased upwards. Cross-section estimates downplay actual
stratification by large margins.
This paper also explores the causality behind stratification, for individuals with average relative earnings
below the threshold of 1.10 points. Building evidence for causality presents the standard econometric
challenges of measurement error, double causality and omission of explanatory variables. The
identification strategy proposed here supports exclusion restrictions for two instruments: whether each
parent learned to read and write. These instruments also satisfy statistical criteria of significance. The
finding is that relative earnings causes cumulative contribution frequency, in the cross-section of lifetime
outcomes. The IV correction raises the coefficient of interest by 11%, when compared to the OLS
estimate, so stratification is strengthened.
The coefficient of interest is large. The difference between the frequency of contribution for a participant
with a relative taxable earnings of 1.05 times the national average (in Chile, for earnings of 3.5 times the
minimum wage) and the frequency of contribution for another participant with a relative taxable
earnings of 0.3 times the national average (for a taxable earning equal to one minimum wage) is 53

percentage points of cumulative frequency. This difference implies that a man who participated at this
higher earnings segment contributed 24 more years than another who participated in that lower end
segment. A woman in the higher earnings sample contributed 21 more years than if she had been in the
lower end. Stratification at this scale enfeebles all types of contributory pensions, regardless of the
degree of funding (pay as you go vs. full funding), of the benefit formula (actuarial, years of service) and
regardless of risk allocation policy (DB, DC, others).
In a robustness check, financial literacy is found to have a small impact on contribution frequency, after
controlling for relative taxable earnings.
What mechanisms explain the stratification unearthed here? Arguments applicable around the world
point towards weak or minimal enforcement of the mandate to contribute among lower earners. The
share of employers of low earners who seem to have access to light enforcement of the mandate to
contribute seems to be high. Formal employers self-enforce, and they also recruit a higher share of the
more qualified workers, who earn more. “Enforcement inequality” ensues. This outcome is not specific
to Chile. Strong causal evidence for Brazil shows that enforcement is unequal according to the size of the
employer (Abras et al 2018, Almeida and Carneiro 2012, Andrade et al 2016). In many emerging
economies the fraction of jobs that contribute to social insurance has stagnated in the last decades
despite large increases in earnings (Rutkowski, 2018). Enforcement inequality may help explain that. Two
specific mechanisms presented in section 5 suggest that enforcement inequality is part of a short-run
political equilibrium. In this equilibrium the authorities disregard the negative medium-term impacts of
informality on employer investment on vocational training and on-the-job learning and on the young’s
investment in their own schooling. In such a political equilibrium, a plain recommendation to increase
enforcement is ineffective, because it is unlikely to be implemented.
The literature directly related to this study is scarce. Behrman et al (2012) use the 2006 wave of the
Chilean EPS survey with an aim to measure the impact of schooling and financial literacy on individual
accumulation of wealth in most of its forms, not just social security wealth. That paper also estimates
separately an equation where the dependent variable is the frequency of contribution, more related
to this study. CIEDESS (2018) estimates the relationship between the frequency of contribution and
financial literacy. However, neither of these papers controls for stratification by relative earnings,
which implies, according to our results, that their estimates are biased. The older literature on
contribution frequency does not check for stratification and does not control for endogeneity, as in
the probits by Arenas et al (2004) and Gill et al (2005).6
The paper proceeds with section 2 describing the data and the main results: stratification of
contribution frequency by relative earnings, the impact of truncation, stratification by earnings of the
risk of future drops in the frequency of contribution and estimation of the threshold. Section 3 reviews
whether stratification can be measured with cross- sectional data alone and finds a negative answer.
Section 4 explores causality, presenting the identification strategy, instruments, results and
robustness checks. Section 5 discusses mechanisms that may explain this causality. Section 6
concludes and presents suggestions for future research.
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Two other works with some relation are Madero-Cabib et al (2019), that uses the Chilean EPS survey to identify
clusters of labor trajectories, and Hayward et al (1998) that studies links from work histories to retirement.

2. The stratification result
This section presents the data and the finding that, for relative earnings below a threshold, the
cumulative frequency of contribution is strongly and positively correlated with relative earnings.
For relative earnings above the empirical threshold, the correlation vanishes. In Chile, the region
with stratification covers about 79% of the sample, i.e. it includes the third and the fourth
quintiles by earnings.

2.1 Data sources
Part of our data comes from the 2006 and 2015 waves of the Chilean "Social Protection Survey”7
(EPS for its acronym in Spanish). This is a random and longitudinal survey, representative at the
national level. Respondents to the EPS are also matched with administrative data contained in
the database "Pension History of Participants”8 (HPA for its acronym in Spanish), which provides
information on the amount contributed by the respondents to the EPS in each month from 1981
to 2015, sex, date of birth, and other variables. This is the second source of our data. We do not
observe earnings at informal jobs, unpaid work at home or time spent in unemployment.
The HPA base refers only to those who contributed money in at least one month to the fully
funded contributory scheme initiated in 1981. Therefore, we don’t have complete data on
individuals who contributed to the older pension scheme’s social insurance regimes. Thus, it is
not possible to correct for any eventual selection bias associated with the decision to join the
fully funded contributory scheme. Other data suggests that this bias is small: first, the option to
choose scheme existed only for cohorts who entered their first covered job before 1984, 30 years
before the end of our sample. Second, the large share of formal sector employees who
contributed to the funded scheme as opposed to the old pay-as-you-go-financed regimes, being
75% in 1984 and 91% in 1994.9
The first age with full access to old-age pensions is 60 for women and 65 for men. Contrary to
regulations in other countries, starting an old-age contributory pension is not conditioned on
either retiring from the labor market or on separation from the current employer. Instead, the
participant is allowed to start drawing on the accumulation of mandatory contributions as soon
as the full- access age requirement is met. Delayed pension starts accrue the complete actuarial
increase in the pension, at market prices.10 Slightly more than half of participants choose to start
a contributory pension as soon as possible, i.e. at ages 60/65.
In Chile, the benefit must be taken in one of two forms: a CPI-indexed annuity or a programmed

7

All waves are available at webpage of the government office Subsecretaría de Previsión Social:
https://www.previsionsocial.gob.cl/sps/biblioteca/encuesta-de-proteccion-social/bases-de-datos-eps/
8
The data is available upon request after a special form is completed on the official page of the “Subsecretaría
de Previsión Social”: https://www.previsionsocial.gob.cl/sps/biblioteca/encuesta-de-proteccion-social/basesde-datos-eps/tiposbdeps/formularioepsadmin/
9
Source: Arenas, A. (2000) extracted from Table 5 in p. 20.
10
An “early pension” option is available as well, with a complete actuarial reduction. Its prevalence is modest
because of a further requirement: the resulting contributory pension must be larger than 70% of the average
of the last 120 months of taxable earnings (CPI-indexed).
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withdrawal (also called phased withdrawal). Lump-sum benefits are not allowed, unless a 10year indexed replacement rate is larger than 70%. This requirement is met seldom. Personal
income taxation is not an issue for most participants, because the individual exempt amount is
set high.11
Voluntary contributions are reported separately in the HPA. This data is not used in this paper
because the proportion and amount of voluntary contributions from those who earn less than
the average were almost zero in our samples and this paper is focuses on that population.
This study uses three samples, created by grouping observations according to their birth cohort.
The main sample is for men born between 1938 and 1958 and women born between 1943 and
1963, targeting a 20-year cohort. These birth years are chosen because most of them reached the
pension access age by the end of our sample, December 2015. Thus, as of December 2015 all
women in the main sample were between 52 and 72 years old and all men in the main sample
were between 57 and 77 years old. To determine whether results change for younger cohorts, a
second sample of men born between 1959 and 1979 and women born between 1964 and 1984
is considered. Results do not change materially, as shown below. The third sample is a subsample
of the main sample, which targets the older portion of that cohort. It is used only in section 4, for
robustness checks. The electronic appendix provides more descriptive information on these
three samples.

2.2 Definition of the main variables
Most results presented in this paper refer to the two variables defined below in detail.
Cumulative frequency of contributions
Define “cumulative frequency of contributions” (𝐶𝐹𝑖𝐴𝑃 ) for a given averaging period 𝐴𝑃 as:
𝐶𝐹𝑖𝐴𝑃 ≡

𝑁𝑖𝐴𝑃
𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑃𝑖

(1)

𝐶𝐹𝑖𝐴𝑃 only takes values between 0 and 1. The denominator is the effective averaging period (𝐴𝑃),
measured in months (see below). This paper takes 𝐴𝑃 to be 6 years, 12 years, 20 years, and more,
up to a maximum of 416 months.12 Since pension benefits are determined by complete-life
cumulative variables, the most appropriate period is the longest if benefits are being assessed.
Shorter averaging periods are useful to shed light on churning behavior.
The effective 𝐴𝑃 can be shorter than the nominal 𝐴𝑃. For example, for a 6-year averaging period,
the denominator is 72 months only if the participant meets the age requirement before the end of
the sample, but is shorter otherwise (see more below).
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In the last decades, about 80% of workers have declared earnings below the individual exempt amount.
Since the sample starts in May 1981 and ends in December 2015, the averaging period of 34 2/3 years is the
closest our sample gets to a complete working history.
12
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The numerator 𝑁𝑖𝐴𝑃 is the number of months within the effective averaging period, in which
participant 𝑖 exhibited a positive money contribution:
𝑡 = 𝑇𝑖

𝑁𝑖𝐴𝑃

≡ ∑ {1 𝑖𝑓 𝑌𝐷𝑖𝑡 > 0; 0 𝑖𝑓 𝑛𝑜𝑡}

(2)

𝑡 = 𝐹𝑖

where 𝑌𝐷𝑖𝑡 is the taxable earning that the individual 𝑖 declared to social security in month 𝑡. If this
value is positive, 1 is added to the sum, regardless of whether the individual worked part time, or
entered a covered job in the middle of the month. Since the contribution rate for old-age pensions
remained constant at 10% throughout our samples, the value of each 𝑌𝐷𝑖𝑡 can be inferred directly
from the money contribution observed in the HPA.
The first calendar month included in the sum is 𝐹𝑖 . For any given averaging period, the beginning of
the sample in May 1981 means that 𝐹𝑖 must take the largest among two different values. First, the
averaging period for some participants starts within the sample. For them, the definition is 𝐹𝑖 =
𝐴𝑖 (65, 60) − 𝐴𝑃. The term 𝐴𝑖 (65, 60) is the calendar month in which the individual first meets the
age requirement for access to a pension (60 for women, 65 for men). The averaging period, 𝐴𝑃, is
subtracted to determine the first month to be included in the sum. However, there is a second group
of participants for whom this month would occur before the beginning of the sample in May 1981
or before the calendar month in which they turned 20, denoted 𝐵𝑖 (20). Therefore:
𝐹𝑖 ≡ 𝑚𝑎𝑥{ 𝐴𝑖 (65, 60) − 𝐴𝑃 ; max( 𝐵𝑖 (20); 𝑀𝑎𝑦 1981)}

(3𝑎)

The last month included in the sum is 𝑇𝑖 . For any given averaging period, the end of the sample in
December 2015 means that 𝑇𝑖 must take one of two different values. First, some participants meet
the age requirement before the end of the sample. For them, 𝑇𝑖 is defined as the calendar month
in which they turned 65/60 years old. Second, other participants did not comply with ages 65/60 at
the end of the sample. For them, 𝑇𝑖 is set as December 2015.
𝑇𝑖 ≡ 𝑚𝑖𝑛{ 𝐴𝑖 (65, 60) ; 𝐷𝑒𝑐𝑒𝑚𝑏𝑒𝑟 2015}

(3𝑏)

This design implies that data availability makes the 𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑃 smaller than the nominal 𝐴𝑃 for
some participants.13 Specifically,
𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑃𝑖 ≡ max(0 ; 𝑇𝑖 − 𝐹𝑖 )

(3𝑐)

13

To illustrate, consider the case of women born in December 1963 (the youngest age group within the main
sample): at the end of the sample their age was 52 years, 8 years short of the age requirement, 60. For
computations where the averaging period is 6 years, these women are excluded, because their sums would
have to start at age 60 – 6 = 54, which is larger than their age at the end of the sample. Now, let us take these
same women for an averaging period of 12 years: their sums take into account positive contributions between
ages 49 (= 60 - 12) and 52 (end of sample), both included. Their “effective” averaging period is limited to their
last 4 years in the sample (from ages 49 to 52), despite the fact that 𝐴𝑃 is set at 12. When the averaging period
is 20 years, their sum start when their age is 41 (= 60 – 20) and ends when they are 52 (end of sample), so
their “effective” averaging period would be their last 12 years in the sample, despite the fact that nominal 𝐴𝑃
is 20.
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In the main sample, the proportion of observations whose 𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑃 is smaller than the nominal
𝐴𝑃 es 46% for the 6-year averaging period, 54% for 12 years, 55% for 20 years and 100% for the full
available career.
Note that the location of the averaging period is “back-loaded”, in the sense that it captures the last
𝐴𝑃 years of a standard work history for each participant, rather than, say, the first 𝐴𝑃 years. This
design allows each averaging period to target a specific segment of the age-earnings profile, rather
than a mix of segments. For example, if the final 6 years of the age-earning profile have on average
a higher frequency of contribution than previous years, then the 6-year 𝐴𝑃 will capture that with
this design. The longer averaging periods (20 years or more) have less back-loading.
Another design that captures effects linked to calendar dates, such as long business cycles (in Chile,
caused by decade-long cycles in international copper prices and by political cycles) was run as well,
but as results change only slightly, they are omitted here.

Relative earnings
The labor literature usually recognizes segments in the labor market across observed characteristics
such as experience, schooling and career interruptions. Since valuable unobserved personal
characteristics such as reliability, punctuality, leadership and size of contact networks may not be
fully captured by them but influence earnings, for some purposes it is better to segment the labor
market across earnings. This concept of segmentation is compatible with substantial job mobility
between formal and informal jobs (Meghir et al, 2015). This paper also segments the labor market
across earnings, not across formality.
Fast economic growth in Chile over 1985-2015 should be considered. Over long periods,
improvements in general productivity and changes in income from publicly-owned natural
resources may have a significant cumulative impact on absolute earnings. Thus, it is likely that labor
market segments are better captured by earnings relative to the national average, than by absolute
earnings. To illustrate, consider an absolute real wage that in 2010 was 0.6 times the national
average remuneration. In 1985, the same absolute value (CPI-indexed) may have been 1.8 times de
contemporaneous national average remuneration.
Relative taxable earnings for participant 𝑖, for a given averaging period, is constructed in two steps.
First, compute 𝑅𝐸𝑖𝑡 , the relative taxable earning of the individual 𝑖 for calendar month 𝑡:
𝑅𝐸𝑖𝑡 ≡

𝑌𝐷𝑖𝑡
𝑁𝑎𝑡. 𝐴𝑣𝑒𝑟. 𝑅𝑒𝑚𝑡

(4)

where 𝑌𝐷𝑖𝑡 is declared taxable earnings in money terms for month 𝑡, and 𝑁𝑎𝑡. 𝐴𝑣𝑒𝑟. 𝑅𝑒𝑚𝑡 is the
national average remuneration in the quarter where month 𝑡 belongs, reported by the National
Statistical Institute (INE) on the basis of the rolling national employment survey.14 𝑌𝐷𝑖𝑡 captures
14

INE does not report monthly average remuneration, but three-month moving averages. The national
average used here is not adjusted for age or sex. The only wage series in Chile available from 1981 is for
salaried workers, so National Average Remuneration excludes the labor earnings of self-employed workers,
employers and "unpaid" family members. The survey origin allows inclusion of remunerations reported by
informal workers and employers.
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variations in the number of hours worked per week and instances of employment for a fraction of
a month. 𝑅𝐸𝑖𝑡 is measured in "number of times" the national average remuneration, which may be
called “points”. 𝑅𝐸𝑖𝑡 is zero if the individual did not contribute in month 𝑡.
The second step computes relative taxable earnings (𝑅𝑇𝐸𝑖𝐴𝑃 ) for the averaging period 𝐴𝑃:
𝑡 = 𝑇𝑖

𝑅𝑇𝐸𝑖𝐴𝑃

1
≡ 𝐴𝑃 ∙ ∑ 𝑅𝐸𝑖𝑡
𝑁𝑖

(5)

𝑡 = 𝐹𝑖

According to previous definitions, 𝑅𝑇𝐸𝑖𝐴𝑃 is an average of the relative earnings – average of points
– in months in which there was a positive money contribution to old-age social insurance. The sum
in equation (5) is very similar to the points system used by German federal contributory pensions
(Borsch-Supan and Wilke, 2006).
Since 𝑅𝐸𝑖𝑡 is zero if the individual did not contribute in month 𝑡, and the value of 𝑁𝑖𝐴𝑃 is zero as well
in that case, a non-participating individual has an undefined value for 𝑅𝑇𝐸𝑖𝐴𝑃 . Those individuals are
excluded from the computations reported below.
Using the longest averaging period, which is 34 2/3 years, Figure 1 shows the distribution of
34+2/3
observations on 𝑅𝑇𝐸𝑖
among bins of relative taxable earnings, for the main sample. The
vertical dashed lines indicate the frontiers between quintiles of relative taxable earnings, marked as
Q1 through Q5.
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Figure 1. Chile: Distribution of observations among bins of relative taxable earnings in the main sample, for the longest
averaging period. The vertical axis shows the amount of people expanded by a factor included in the EPS survey. The tags
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over each column are the number of observations (not expanded). The horizontal axis shows each bin of relative taxable
earning.

Most individuals in the main sample have a 𝑅𝑇𝐸𝑖34+2/3 below one. Specifically, the share of
observations with 𝑅𝑇𝐸𝑖34+2/3 below 1.1 is 81% in the main sample, for the longest averaging period
(79% if expansion factors are considered). This threshold defines the “stratification region” and is
determined in subsection 2.6.
The spike at the bin with 𝑅𝑇𝐸𝑖34+2/3 between 2 and 3 times national average remuneration is
explained by the maximum taxable earnings set by the law. All individuals with earnings above the
maximum report just the maximum taxable earnings, so they are censored.15

2.3 Results: frequency is stratified by earnings16
The following Figure 2 uses the data in the main sample (men born between 1938 and 1958 and
women born between 1943 and 1963) to calculate the average cumulative contribution frequency
within each bin of relative earnings, considering four different averaging periods: 6 years, 12 years,
20 years and total available data. Recall that the averaging periods are counted backwards from age
𝐴𝑖 . In each bin, only the average for contribution frequency is shown, where the average is taken
across participants in the bin.
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Figure 2. Chile: Average cumulative contribution frequency (vertical axis) within each bin of relative taxable earnings
(horizontal axis), for 4 averaging periods: 6, 12, 20 and total available data. Both variables are defined for the same
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During most of the working life of individuals in the sample, this maximum was fixed in real terms. Until
2009 the maximum taxable earning remained fixed at 60 “unidades de fomento”, a unit of account indexed
to the Chilean CPI. To explain the positive number of observations in the bin where RTE is between 3 and 4
times national average remuneration, note that from 2009, this maximum has been raised gradually, as
measured in this unit of account, by a formula set by law that follows national average total earnings.
16
The electronic appendix reports the distribution of the observations (and the population) within bins of
relative earning when each of the exercises presented in section 2 are performed.
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averaging period. The data is for the main sample.

The important finding is that for relative earnings below some threshold near 1.0 – 1.2, the
cumulative frequency of contribution has a strong positive correlation with relative taxable
earnings. In contrast, that correlation vanishes for relative earnings above the threshold. This result
applies to all four averaging periods – 6 years, 12 years, 20 years and all the data available – yielding
strong positive correlations. The main finding is robust in this dimension.
Different dimensions of this nonlinear behavior are explored in what follows. First, the averaging
period does influence the details. For this sample, the threshold appears to be somewhat higher
when the averaging period is lengthened. This is consistent with average earnings being reduced by
longer spells spent away from jobs covered by social insurance, and with those spells being captured
more fully when the averaging period is lengthened.
Next, for most bins of relative earnings, the average of cumulative contribution frequency falls when
the averaging period rises. This result suggests that the rate of churning between covered jobs and
the other possible uses of time (non-market work, informal work, job search, leisure), increases
when the averaging period rises. This additional churning behavior would be overlooked by data
limited to shorter averaging periods.
Figure 2 does not differentiate by gender or the presence of children because that issue is explored
in sections 2.6 and 4.

Stratification is robust when differentiating by age, in the same cohort
This section asks whether stratification by earnings was present when the cohorts in the main
sample where younger. Figure 3 reports 6-year average cumulative contribution frequencies when
the members of the main sample were in younger age ranges. The first age range reported here
runs from 25 to 30 (both included), the next runs from 31 to 36 and so on until the range from 55
to 60. The result is that stratification by earnings remains strong regardless of the age at which the
contributions were made.
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Figure 3. Chile: Six-year average cumulative contribution frequency (vertical axis) within each bin of relative taxable
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earnings (horizontal axis) when the cohorts in the main sample were in the following 6 age ranges: 25-30, 31-36, 37-42,
43-48, 49-54 and 55-60 (both limits included).

Stratification remains strong in the next 20 younger cohorts
The previous findings pertain to the 20 cohorts in the main sample (men born between 1938 and
1958, and women born between 1943 and 1963). Now we ask whether stratification by earnings
survives for the next 20 younger cohorts, specifically men born between 1959 and 1979, and women
born between 1964 and 1984. This question also answers whether stratification survived despite
the progress exhibited by the Chilean economy, or was overcome by development.
Figure 4 reports average cumulative contribution frequency within each bin of relative earnings,
when cohorts in the two samples were in 4 different age ranges. Stratification remains similarly
34+2/3
strong in this younger cohort, for all age ranges. The share of observations with 𝑅𝑇𝐸𝑖
below
1.1 is 72% for the 6-year averaging period (71% if expansion factors are considered). Although this
is below the comparable share for the older cohort (around 80%), it is still very large, indicating that
stratification remains as a major issue despite large increases in real earnings.

Figure 4. Chile: Each panel shows the 6-year average cumulative contribution frequency (vertical axis) within each bin of
relative taxable earnings (horizontal axis) for individuals in the two cohorts. The panels report on 4 age ranges: 25-30, 3136, 37-42 and 43-48 (both limits included in each range). The dark line corresponds to the older cohorts and the light line
corresponds to the younger cohorts (men born between 1959 and 1979 and women born between 1964 and 1984).

Note that the location of the threshold appears to persist across cohorts, for all age ranges.
What happens with this younger cohort when the averaging period rises to 12 years? Figure 5 shows
that stratification is as strong for the 12-year averaging period as for the 6-year averaging period.
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This is the same pattern observed for the older cohort.
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Figure 5. Chile: Average cumulative contribution frequency (vertical axis) within each bin of relative taxable earnings
(horizontal axis), with 2 different averaging periods: 6 years (dark line) and 12 years (light line). The data is for the younger
sample (men born between 1959 and 1979 and women born between 1964 and 1984).

2.4 Stratification vanishes when truncating at 15 years of contribution
This section revisits the results in section 2.3 by excluding in each bin those observations with less
than 15 years of contributions. The result of this truncation is dramatic: it eliminates both the
threshold and the positive correlation between cumulative frequency of contribution and relative
taxable earnings (Figure 6). Thus, this type of truncation of the data hides stratification almost
perfectly. This result also reveals that the share of observations with less than 15 years of
contribution is much higher in bins of low relative earnings than in high-relative-earnings bins.
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Figure 6. Chile: Average cumulative contribution frequency (vertical axis) within each bin of relative taxable earnings
(horizontal axis) when individuals with less than 15 years of contribution are discarded. Again, 4 different averaging
periods are considered: 6, 12, 20 and total available data. The data corresponds to the main sample.
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Truncation occurs naturally in the administrative data produced by some countries. For example,
Sánchez (2017) reports that for Spanish men born in the 1920’s who contributed for 15 years or
more, the average number of years of contribution was 37.9 for those with primary education and
38.2 for those with some higher education, according to administrative data. For a 45-year career,
these cumulative frequencies of contributions are in the 84-85% range. Assuming that schooling
proxies for relative earnings, a casual observer would believe that there is no stratification by
earnings in Spanish administrative data. Similarly, there is little or no stratification across cohorts in
this Spanish data: being born in the 1920’s versus the 1940’s didn’t have an impact on contribution
frequency either (Sánchez, 2017), despite the fact that the earnings of the latter cohorts were
arguably larger.
However, Spanish administrative data truncates away those who contributed less than 15 years.
This happens because 15 years is the Spanish social insurance’s qualification period, meaning that
no contributory benefits are provided to individuals who don’t meet this requirement.17 A similar
truncation is present in some administrative data from the U.S.A.’s Social Security program, because
one condition for old-age benefits is completion of 10 years of contribution, plus a minimum money
amount per quarter.18
Chile is one of the few countries where long administrative data sets on completed contribution
histories do not truncate out individuals with low cumulative frequencies of contribution. This is
because Chilean law formally endows participants with property rights over their contributions.
These, plus interest earned, are almost always returned to participants, even to those with few
contributions. Comparing figures 2 and 6, calculated form the same data set, suggests that
truncation of administrative data may be enough to explain the fact that in some OECD countries
the data on contribution frequency gives the appearance of almost no stratification.
An expected mechanical result of truncation in a given earnings bin is to raise the average
contribution frequency for that bin. What is not mechanical is that the size of this increase is
significantly larger for low and middle-earnings bins than for high-earnings bins. For example, for a
20-year averaging period, average contribution frequencies for bins with relative taxable earnings
above 1.0 rise about 20 percentage points. In contrast, average contribution frequency rises by 30
points for the bin where relative taxable earnings equals 0.5.

2.5 Risk of future interruptions: peaks at the second and third quintiles
This subsection takes the forward-looking perspective of participants. Starting in 1995, for
participants aged 25 to 35 at that date we order the 3,151 observations in this group in bins defined
by their average relative earnings up to 1995. Next, we compute the distribution of contribution
frequencies for the next 20 years, until 2015, for each earnings bin. Although this sample is even
17

Access to the minimum pension subsidy also requires 15 years of contributions in Spain. Of course, Spain
also has other non-contributory support programs for the old who do not meet this 15-year requirement, but
these other programs have stringent means and residency tests.
18
A minimum of 40 “work credits” are needed to qualify for Social Security old-age benefits, and a maximum
of 4 credits can be earned in each calendar year. Moreover, $1,360 in covered earnings were needed to qualify
for a credit in 2019, and this amount is indexed to an average national wage index. This amount was raised
substantially in 1978. Source: https://www.ssa.gov/OACT/COLA/QC.html
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younger than the one analyzed in section 2.3, it shares stratification: the forward-looking median
contribution frequency is stratified as in the backward-looking average reported before.
The value-added by the forward-looking approach is to allow measurement of the risk of future
interruptions in contributions. This risk may respond to different factors and behaviors. At one
extreme, this can be the purely exogenous risk seen by individuals, who over 1996-2015 simply
accept covered or uncovered job offers as they come, comparing with either take-home wages and
current amenities (high discounters) or with the sum of take-home wages, amenities and the
present value of future benefits (low discounters), for any given level of required effort. At another
extreme, future coverage outcomes are managed by the individual in the sense that he chooses
between covered and uncovered jobs by taking into account the expected loss of non-contributory
subsidies due to higher contribution frequency and tax effects. In this “moral hazard” extreme,
exogenous risk may still be substantial, because choice may be driven by expenditure shocks outside
the individual’s control, such as health expenditure needs and unemployment shocks impinging on
the family.
Regardless of the exact nature of this risk, the dispersions of future contribution frequencies can be
measured by the set of realized contribution frequencies for 1996-2015, for each set of individuals
who were in the same bin of relative earnings in 1995. Since these distributions exhibit significant
statistically skewness in 13 of the 14 earnings bins in figure 7, dispersions are measured with the
interquartile range, the difference between the 25th and the 75th percentile.
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Figure 7. Chile: For the set of individuals aged 25 to 35 in December 1995 with at least one previous contribution, this figure
presents the interquartile ranges of cumulative frequency of contribution over 1996-2015 in the vertical axis, for each bin
of relative taxable earnings (in the horizontal axis). The set of bins in the range marked Q3 contains the set of individuals
in the third quintile (from percentile 41 to 60), and so on for the other quintiles.

Figure 7 reveals that dispersion is about twice as large for the third quintile of average taxable
earnings as compared to the dispersions for the fifth and first quintiles. This result can also be
described as “inverse polarization”, following the language of a recent labor literature that finds
that in Europe and the U.S.A., automation of the routine component of jobs led to the simultaneous
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growth of jobs at both ends of the occupational skill spectrum, at the expense of jobs in the middle
range (Goos and Manning 2007, Autor 2015).
A peak by earnings in the risk of future interruptions reveals a different facet of stratification. It
would be perceived by middle-earners as a large individual risk of collecting insufficient contributory
benefits in old age, due to labor market risk in the forms of non-participation, informality and
unemployment.
Although those in the second quintile of relative earnings also appear to bear a large risk of this
type, their risk can be muted by non-contributory pensions (tax financed), because the amount of
the latter is usually a large share of their total replacement rate (contributory plus noncontributory). This is not the case for the third and fourth quintiles, because even with a universal
and flat non-contributory pension, its amount is not perceived as significant in their total
replacement rate.19

2.6 Determination of the threshold for stratification
This subsection provides a precise estimation of the earnings threshold at which the stratification
region begins in the full sample. A semi-parametric approach is used.
The first step is to allow the data to reveal a specific relationship between the two variables of
interest, with appropriate controls:
𝐶𝐹𝑖 = 𝛼0 + 𝑓(𝑅𝑇𝐸𝑖 ) + 𝛼1 ∙ 𝑋𝑖 + 𝜀𝑖

(6𝑎)

where 𝐶𝐹𝑖 and 𝑅𝑇𝐸𝑖 were defined in subsection 2.2, both for the longest averaging period, 𝑓( ) is
some differentiable function that captures the nonlinearity of the relationship (to be determined by
the data) and 𝑋𝑖 is a vector of control variables. In this case the controls are two interactions. The
first is a gender dummy (1 for males) interacted with triennial birth year dummies, which aims to
capture cohort effects. The second is a gender dummy interacted with a children dummy, that takes
value one when the individual has at least one child born alive. These dummies affect the dependent
variable through coefficients collected in 𝛼1 . The error 𝜀𝑖 captures unobservable factors. The
electronic appendix presents the descriptive statistics for these control variables.
To deal with the non-linearity, we use Rice’s (1984) differentiation method: the observations are
ordered according to the value of the explanatory variable with a non-linearity (here, 𝑅𝑇𝐸𝑖 ). Next,
differences between newly contiguous observations are computed. Formally:
𝐶𝐹𝑖 − 𝐶𝐹𝑖−1 = [𝑓(𝑅𝑇𝐸𝑖 ) − 𝑓(𝑅𝑇𝐸𝑖−1 )] + 𝛼1 ∙ (𝑋𝑖 − 𝑋𝑖−1 ) + 𝜀𝑖 − 𝜀𝑖−1

𝑖 = 2, … , 𝐼

(6𝑏)

If the values of 𝑅𝑇𝐸𝑖 are close enough and 𝑓( ) has a finite first derivative, the term in square
brackets must be very small and can be ignored. Because of that, the parametric part of the equation
can be estimated without knowing the shape of the function 𝑓( ). The estimate of vector 𝛼1 by OLS

19

This lack of significance is stronger when non-contributory pensions are targeted, because in that case the
amounts granted to the third quintile are reduced. Targeting of non-contributory pensions is common.
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can be consistent. Designate it as 𝛼̂1 .
Both Robinson (1988) and Yatchew (1997) present methods to estimate semi-parametric models
such as this one. The latter’s method is chosen because it allows controls to be dichotomous
variables, such as the controls presented above. Yatchew’s method generates the following
approximate equation:
𝐶𝐹𝑖 − 𝛼̂1 𝑋𝑖 ≡ (𝛼1 − 𝛼̂1 ) ∙ 𝑋𝑖 + 𝑓(𝑅𝑇𝐸𝑖 ) + 𝜀𝑖 ≅ 𝑓(𝑅𝑇𝐸𝑖 ) + 𝜀𝑖

(6𝑐)

The Yatchew approach is to estimate this approximate equation with a non-parametric method. As
a first approximation, a locally weighted regression is used to estimate the value of 𝑓( ) for each
observation 𝑖.20 Figure 8 shows the result of this process in the main sample, where the red line is
the estimated value for 𝑓( ) for each observation of 𝑅𝑇𝐸𝑖 .
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Figure 8. Chile: Estimated non-parametric effect and observations considering the longest averaging period, main sample.
The continuous red line is the estimated non-linear 𝑓( ) value, i.e. the estimated cumulative frequency of contributions
(vertical axis) for each observation of relative taxable earnings (horizontal axis). The dots correspond to each combination
of cumulative frequency and relative taxable earnings (horizontal axis) observed in the sample.

The second step takes this function and estimates its curvature with a numerical procedure, for each
value of relative taxable earnings. Next, the points of maximum curvature are identified. One of
these local maxima for curvature is selected as the upper limit of the stratification region, taking
into account tradeoffs between sample size and the purpose of the exercise.
The shape in Figure 8 suggests a threshold that is not sharp. At each observed value for relative
taxable earnings, the curvature is defined as the inverse of the radius of the circle that is tangent to
the estimated 𝑓( ) at that point and also passes through a pair of points infinitesimally close to the

20

Section 4 discusses whether locally weighted regression is the most appropriate technique.
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first point. The curvature 𝑘 of a given known function 𝑓(𝑅𝑇𝐸𝑖 ) is defined (Pressley, 2010) as:
𝑘(𝑅𝑇𝐸𝑖 ) =

|𝑓 ′′ (𝑅𝑇𝐸𝑖 )|
2

(7)

( 1 + 𝑓 ′ (𝑅𝑇𝐸𝑖 )2 )3
The derivatives in (7) are approximated by first and second differences between ordered
observations. The curvature 𝑘 is calculated numerically using the average of both the cumulative
frequency of contribution and the relative taxable earnings within new bins of relative earning with
a range of 0.05. The values attained in each bin by this measure of curvature are available in the
electronic appendix. Next, these estimates are smoothed by averaging the curvature for each new
bin of 𝑅𝑇𝐸𝑖 with the values of curvature in the two neighboring bins. This procedure identifies two
local maxima for curvature: for 𝑅𝑇𝐸𝑖 = 0.65 times the average national remuneration and for
𝑅𝑇𝐸𝑖 = 1.10 times. Although this recommends three piecewise linear regions, with the last one
with a flat slope, it turns out that the slopes in the first two regions are similar. Taking into account
the need to preserve sample size, we choose to merge these two regions. This criterion leads us to
choose the larger local maxima, which is 𝑅𝑇𝐸𝑖 = 1.10 times national average remuneration.
This threshold implies that in Chile, the third and the fourth quintiles of the lifetime relative earnings
distribution are inside the stratification region. The middle class falls squarely in this region. Only
the highest quintile of lifetime relative earnings escapes the stratification region.

3. Can stratification be measured reliably with a crosssection survey?
In many emerging countries, cross-section surveys are readily available, while adequately long
longitudinal datasets do not exist (yet). This suggests that there would exist considerable policy
interest in a method to measure stratification based only on cross-sectional data alone. Since both
sources are available for Chile, this section compares both methods. Unfortunately, the answer is
negative for cross-section data. This section can be skipped without loss of continuity.
Lacking the temporal dimension, it is essential that the cross-section survey provides some
substitute. In the Chilean surveys, this substitute question has been the following: 21
“Did you contribute during last month, to any pension system?”
The regressions presented below searches for drivers of the probability that the answer is yes. This
response is designated here as 𝑌𝑖 , which takes values 1 or 0. The electronic appendix explains other
aspects of the CASEN survey for Chile, some important shortcomings and aspects of the Chilean
institutional setting that impinge on the results.
The survey also needs to provide an estimate of the relative taxable earnings for the individual. In
21

This all-important question was first introduced in the Chilean surveys in 2011. This question is numbered
o.29 in the 2017 and 2015 surveys and o.30 in the 2013 and 2011 survey. For the latest results, see Ministry
of Social Development (2018).
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most cross-section surveys, a figure can be constructed from the labor market and income modules.
Note that since these earnings are self-reported, they are subject to different biases.
In this section, the relative taxable earning is constructed from the self-reported take-home earnings
from the individual’s main occupation in the month prior to the CASEN survey. Going from takehome to taxable earnings requires use of the total contribution rates and personal income tax rates.
To obtain relative earnings, each estimated taxable earning is divided by the national average
remuneration reported by the National Statistical Institute (INE) for the quarter where the survey
was taken. This estimate of relative taxable earnings is designated here as 𝑅𝑇𝐸𝑀𝑖 . This variable is
fundamentally different from variable 𝑅𝑇𝐸𝑖 , used in section 2, because the former does not take
into account the growth of individual earnings over time, relative to the growth of national average
earnings.

3.1 A probit model for the cross-section
The relationship in the cross section is estimated using a probit model. This allows addition of some
controls. The non-linearity of the impact of relative earnings on the probability of contributing can
be addressed by using a polynomial in relative taxable earnings as the explanatory variable of
interest, in this case a cubic in 𝑅𝑇𝐸𝑀𝑖 :
𝑃𝑟[𝑌𝑖 = 1 |𝑅𝑇𝐸𝑀𝑖 , 𝑋𝑖 ] = Φ(𝛼 + 𝛽 ∙ 𝑅𝑇𝐸𝑀𝑖 + 𝛾 ∙ 𝑅𝑇𝐸𝑀𝑖2 + 𝛿 ∙ 𝑅𝑇𝐸𝑀𝑖3 + 𝜋 ∙ 𝑋𝑖′ )

(8)

where the dependent variable is 𝑌𝑖 = 1 if individual 𝑖 contributed to the pension scheme initiated
in 1981 in the month prior the survey and 𝑌𝑖 = 0 if not.22 Φ( ) is the cumulative distribution function
for the normal distribution.
To increase comparability with the results in section 2, 𝑋𝑖 contains the same controls used in section
2.6. To improve comparability further, the survey data from the CASEN is limited to respondents
whose age is between 52 and 60 for women and between 57 and 65 for men. The number of
observations is between 7,600 and 13,800, depending on the wave given that the range of 𝑅𝑇𝐸𝑀𝑖
considered in the estimation is limited to 𝑅𝑇𝐸𝑀𝑖 = 2.5. Because of its cross-sectional nature, the
survey does not contain contribution data for the older cohorts who retired from the labor market
several years before the date of the survey. Therefore, the full age range of the main sample in the
database used in section 2, which includes men up to 77 years and women up to 72 years, cannot
be replicated exactly with CASEN data.
The results of estimating (8) with the age-targeted sub-sample of the 2015 CASEN survey are shown
in the dotted line of Figure 9. This is the estimated value of Pr[ ] for each observation. For
comparison, the continuous line is the estimated value of 𝑓( ) obtained in section 2.6.
As in section 2, the stratification region is also determined here by estimating the curvature of the
Pr[ ] function and then searching for the points of maximum curvature. Since in this case the
22

After the essential question, respondents were also asked to identify their pension scheme in that specific
month. If the scheme is not the unified fully funded one initiated in 1981, the observation is excluded from
our cross-section sample. Thus, our sample assigns a zero only to participants in the fully funded scheme
initiated in 1981 who provided a “no” answer to the essential question.
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functional form is analytical, the curvature 𝑘 can be evaluated using the actual derivatives of Pr[ ]
with respect to 𝑅𝐸𝑇𝑀𝑖 . The values attained by curvature here are available in a figure in the
electronic appendix. It is found that the curvature exhibits a single maximum, at 𝑅𝐸𝑇𝑀 = 0.55. This
is the threshold for the stratification region when using data from the CASEN 2015.

Probability of contibuting (CASEN 2015)
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Figure 9. Chile: Cumulative frequency of contribution calculated with longitudinal data from the HPA (main sample),
compared to probability of contributing in the month prior to the survey calculated with cross-section data from the
Chilean CASEN 2015. The continuous red line is the estimated non-linear 𝑓( ) value in the main sample, i.e. the estimated
cumulative frequency of contributions (vertical axis) for each observation of relative taxable earnings (horizontal axis).
The dashed blue line is the estimated probability of contributing in the month prior to de survey (vertical axis) for each
observation of relative taxable earning in the month prior to the survey (horizontal axis).

3.2 Comparison of stratification measured from cross-section data alone
Since actual benefit formulae set benefits based on longitudinal cumulative frequencies of
contribution, the results from longitudinal data in section 2.6 is the gold standard against which
other measures must be contrasted. Figure 9 allows quantification of similarities and biases. The
obvious similarity is that in both measures the contribution frequency is smaller for low relative
earners than for high relative earners. It is also true that in both measures for high earners, the level
of earnings has very limited influence on the frequency of contributions.
However, there is a major bias for the intensity of stratification, as measured by the estimated value
of contribution frequency. For most values of relative taxable earnings, the cumulative frequency of
contribution is about 35 percentage points higher with cross-section data than with longitudinal
data. This difference is critical for the sufficiency of contributory pensions. Specifically, if only crosssection data is collected and the probability of contribution were measured as done here,
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policymakers and the public would be led to expect much larger pensions than what would
eventually come due, given the bias with respect to actual cumulative contribution frequencies. This
bias leads to overoptimistic projections of contributory pensions.
Also, there are some differences regarding the threshold. The one estimated from cross-section data
(0.55) is smaller than both thresholds estimated from the longitudinal data in section 2.6, which
were 0.65 and 1.10. The difference with the larger threshold is demographically substantial, because
the share of all observations in the range for 𝑅𝑇𝐸𝑖 between 0.55 and 1.1 is 27% (main longitudinal
sample). The difference between 0.55 and 0.65 also encompasses a substantial portion of the
population, 8%. It follows that cross-section surveys can underestimate severely the extent of
stratification.
The two biases just mentioned suggest that cross-section estimates should only be used for carefully
selected purposes. One example is when the purpose is to measure the recent performance of the
administrative units in charge of enforcing the mandate to contribute. However, if the purposes are
to measure the depth and extent of stratification of contribution frequencies by earnings, only
longitudinal data sets should be used.

4. Causality in a linear model for the target segment
This section explores causality within the stratification region, using the longitudinal data sets of
section 2. The postulate is that within this region, the relationship between 𝐶𝐹𝑖 and relative taxable
earnings, 𝑅𝑇𝐸𝑖 , both measured for the largest averaging period, follows the linear model:
𝐶𝐹𝑖 = 𝛼0 + 𝛼1 𝑋𝑖 + 𝛼2 ∙ 𝑅𝑇𝐸𝑖 + 𝜀𝑖

∀𝑖 𝑤𝑖𝑡ℎ 𝑅𝑇𝐸𝑖 < 1.10

(9)

where 𝑖 is an index for the individual participant. The validity of this model is postulated for the
stratification region, set by the threshold 𝑅𝑇𝐸𝑖 < 1.10 determined in section 2.6. Coefficient 𝛼2
measures the degree of stratification. If there were no stratification (i.e. if 𝛼2 = 0) and if, in addition,
the controls in 𝑋𝑖 did not affect contribution frequency, the constant 𝛼0 would be the value of a
common frequency of contribution shared by all strata.
Controls 𝑋𝑖 include the same variables as in the semi-parametric model of section 2.6: a gender
dummy (1 for males) interacted with triennial birth year dummies (cohort) and the gender dummy
interacted with a dummy that takes value 1 when the participant has at least one child born alive.
Controls for birth-year triennia take into account that some participants in the main sample selfselected into this data set. Indeed, joining the fully-funded social insurance scheme created in 1981,
which is the source of the data, was voluntary for participants who entered their first covered job
before 1985, rather than mandatory.23 These controls also capture the segment of the working life
in which the participant was affected by the phase of high unemployment suffered by the Chilean
economy between 1972 and 1992 approximately, and by subsequent business cycles.
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According to Chilean law, joining the fully-funded scheme created in 1981 was optional for all participants
who first joined the formal labor market before 1985. The alternative was to remain in the old regimes.
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4.1 Methodology
The causality postulated by (9) runs from relative earnings to cumulative frequency. Therefore, the
coefficient of interest is 𝛼2 . Measuring it presents the standard econometric challenges of
measurement error, double causality and omission of explanatory variables. Double causality is
likely because over time, participants choose and determine each value of 𝑅𝑇𝐸𝑖 in conjunction with
their cumulative frequency 𝐶𝐹𝑖 . In each year of this sample, the participant simultaneously chose
the hours worked (earnings) and a use of time, where the alternatives to jobs covered by
contributions were jobs that are legally exempt from contribution, informal jobs (contributions
evaded), unremunerated work, usually at home, and search for jobs. Omission of explanatory
variables is also evident, as many other factors may influence the cumulative frequency of
contributions. In addition, relative earnings are surely measured with some error when using the
average 𝑅𝑇𝐸𝑖 . All this implies that Corr(𝑅𝑇𝐸𝑖 , 𝜀𝑖 ) ≠ 0.
Before proceeding, it is useful to evaluate the possibility that the dependent variable is subject to
either truncation or censoring. Truncation arises when the econometrician attempts to make
inferences about a larger population from a sample taken from a distinct subpopulation. This is not
the case here.24 In contrast, censoring is a feature introduced on the sample data. For example,
censoring arises when the actual value of a variable exceeds some upper limit but is recorded in the
data as being exactly at the limit (Greene, 2005). In this sample, participants who delayed starting a
pension at ages 65/60 and continued working and contributing are assigned a contribution
frequency that ignores those additional contribution (only contributions made up to ages 59/64 are
recorded in the variables used here). However, there are only 2 individuals within the stratification
zone that are in this situation (less than 0.1% of the main sample). Thus, censoring can be safely
ignored in our case.
To build a consistent estimate of 𝛼2 and providing evidence for causality, this section uses
instrumental variables (two-stage IV)25. The first stage consists in the estimation of 𝑅𝑇𝐸𝑖 as a
function of observable personal characteristics, as in:
𝑅𝑇𝐸𝑖 = 𝛽0 + 𝛽1 ′ ∙ 𝐶𝑖 + 𝜇𝑖

(10)

where 𝐶𝑖 is a set of instruments. An exclusion restriction must be met by these instruments: the
instrument must influence 𝐶𝐹𝑖 through 𝑅𝑇𝐸𝑖 only, not through other (omitted) variables that are
likely to be present in 𝜀𝑖 . Since many causality chains may be operating simultaneously, special care
must be exercised to test this condition. In addition, the instruments must also satisfy the usual
statistical criteria for significance: complementary empirical evidence must show that the

24

There is no attempt to make inferences about individuals who have never contributed to the system (𝐶𝐹𝑖 =
0 and 𝑅𝑇𝐸𝑖 undefined). Indeed, no observation in our samples take the value 𝐶𝐹𝑖 = 0. Therefore, truncation
at the floor is not an issue here. Separately, since there is no attempt to make inferences on individuals who
contributed all the time (𝐶𝐹𝑖 = 1) and there are only 15 observations with that value, truncation at the ceiling
𝐶𝐹𝑖 = 1 is not an issue either.
25
More information on this method in Cameron and Trivedi (2005), Stock (2010) and Wooldridge (2002).
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instruments are relevant in the sense that they really influence the endogenous variable26 27.
Once a valid selection of instruments is accomplished, the first stage equation can be estimated by
ordinary least squares, to produce a predicted value for relative taxable earnings for each
̂𝑖. The second stage estimates equation (9), with the proviso that 𝑅𝑇𝐸𝑖 is
observation, name it 𝑅𝑇𝐸
̂
replaced by 𝑅𝑇𝐸𝑖.
For valid inference in the second stage, it should be verified that the residuals are normally
distributed. Otherwise the significance tests can be biased. A QQ-plot (QQ stands for quantile to
quantile) is used to assess the distribution of the errors. The basic idea of a QQ-plot is to compare
the data values, divided in quantiles such as percentiles, with the values that would be predicted if
the distribution of errors were a standard normal.28 The electronic appendix shows this comparison
alongside a histogram of the fitted residuals with those expected from a normal curve. Both lead to
conclude that, in this case, the residuals in the second stage have a distribution that is close enough
to normal.
Note that in an instrumental variable procedure for a correctly specified model, it is not necessary
to use expansion factors inside the regression (Cameron and Trivedi 2005, pp. 820).

4.2 Identification strategy and exclusion restrictions
The identification strategy needs a justification for asserting the exogeneity of the instruments, i.e.
that these instruments influence contribution frequency only through relative taxable earnings. It is
argued here that the literacies of the parents of the participant meet this requirement.
Literacy for each parent is a dummy variable that takes the value 1 if he/she learned to read and
write, as reported by the participant in the EPS survey.29 Note that in most cases, parent’s literacies
were set before the participant was born and were influenced by the grandparents.
Worldwide evidence shows that in some economic sectors formality is higher than in others (Gill et
al, 2005). Some workers are more likely to contribute to social security just because of their sector
of employment. The same applies for larger employers – measured by the number of workers – who
are known to have a stronger tendency to contribute for social security, maybe because of higher
self-enforcement.
To identify those economic sectors where the probability of contributing is higher on average in
Chile, out of the 9 sectors available, a probit model was run in our main sample, using panel data
from the EPS (the 2002 wave). This step identifies those 3 sectors, which were Utilities,
Manufacturing and Mining.30 Separately, out of a total of 8 employer sizes ordered by the number
26

This can be tested with an "F" test of joint significance, controlling for the effect of other exogenous
regressors considered in equation (9). The results are reported in the electronic appendix.
27
Although a "J" test of over-identification are performed and its results presented in the electronic appendix,
these are not conclusive, because it may not necessarily detect a case where all instruments are endogenous.
28
Normality tests such as Jarque-Bera or Shapiro-Wilk are too sensitive in large samples, such as ours.
29
The electronic appendix shows descriptive statistics for these variables.
30
The dependent variable for individual 𝑖 in month 𝑡 takes the value 1 if a contribution was recorded. The
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of employees, we choose the 3 largest sizes outright, because the literature is clear about formality
being higher when the employer is larger (Almeida and Carneiro 2012, among others).
Selection of sector of employment and the size of the employer by individuals is likely to have an
endogenous component. This prevents the use of these variables in equation (9) as controls. Thus,
the economic sector and the size of the employer are omitted variables present in 𝜀𝑖 . The important
question here is whether a parent’s literacy influenced 𝐶𝐹𝑖 through any of these two omitted
variables.
If influence through these omitted variables were important, a parent’s literacy should be a
significant explanatory variable in two auxiliary probit regressions where the dependent variable is
the probability of having worked for a substantial fraction of the working lifetime in either the three
more formal economic sectors, or with the three larger employer sizes. The dependent variables in
these auxiliary probit regressions are dummy variables that take the value 1 if the individual worked
more than 50% of the working lifetime in which we have data, in the respective 3 sectors or
employer sizes with higher probability of contributing. The regressors are both parent’s literacies,
plus some controls.
The finding is that in both auxiliary regressions, the coefficients of the parent’s literacies are not
different from zero at 10% of significance.31 This is evidence that the parent’s literacies did not
influence 𝐶𝐹𝑖 through these two omitted variables. Therefore, the parent’s literacies come close to
exogeneity in the sense that they do not influence contribution frequency through the error term.
Of course, they are expected to influence 𝐶𝐹𝑖 through relative taxable earnings. Indeed, the
standard econometric tests, available in the electronic appendix, confirm the relevance of the
parent’s instruments for 𝑅𝑇𝐸𝑖 .

4.3 Results
By addressing the endogeneity of some regressors, two-stage IV allows interpreting the estimated
coefficients as a causal relationship and not just as a mere correlation. Column (1) of Table 1 shows
the results of estimating equation (9) by OLS for the main sample. The value of the coefficient of
interest is in the first row and is positive and large (0.62). Column (3) of Table 1 shows the results
of estimating equation (9) by two-stage IV in the main sample. The first-stage regression is in the
electronic appendix. The coefficient of interest is 0.69, only 11% higher than the OLS coefficient for
the same sample (0.62). Therefore, the OLS results survive easily after correcting for the
endogeneity of relative taxable income.

controls were gender interacted with children, cohort interacted with gender, the absolute average taxable
earnings for the full available sample excluding zeroes and a dummy that takes the value if the respondent
says he worked without a contract in month 𝑡.
31
This procedure, plus some robustness analysis is presented in detail in the electronic appendix.
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Table 1: Main results for causality in the stratification region
(1) OLS
(2) OLS, elderly
c. frequency
c. frequency

(3) IV
c. frequency

Relative taxable earnings

0.620***
(0.0231)

0.586***
(0.0376)

0.690***
(0.161)

Woman*Children
(base is Woman*No.Children)

-0.129***
(0.0258)

-0.127***
(0.0449)

-0.125***
(0.0270)

-0.0168
(0.0265)

-0.0534
(0.0463)

-0.0102
(0.0304)

-0.0672*
(0.0405)
-0.0336
(0.0364)
-0.0350
(0.0339)
-0.0420
(0.0316)
-0.0463
(0.0306)
-0.0593**
(0.0298)
-0.0398
(0.0291)

-0.0607
(0.0554)
-0.0312
(0.0519)
-0.0306
(0.0500)
-0.0393
(0.0482)
0.0380
(0.0550)
-

-0.0774*
(0.0467)
-0.0395
(0.0388)
-0.0408
(0.0363)
-0.0464
(0.0332)
-0.0518
(0.0330)
-0.0667*
(0.0342)
-0.0471
(0.0335)

0.160***
(0.0271)

0.178***
(0.0464)

0.126
(0.0808)

2,749
0.268

1,136
0.243

2,749
0.266

VARIABLES

Male*No.Children
(base is Male*Children)

Male*Birth.Year.1
Male*Birth.Year.2
Male*Birth.Year.3
Male*Birth.Year.4
Male*Birth.Year.5
Male*Birth.Year.6
Male*Birth.Year.7

Constant

Observations
R-squared

Dep. variable

-

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 1. Main results. Columns (1) and (2) show the results of estimating equation (9) by OLS for the main
sample (men born between 1938 and 1958, and women born between 1943 and 1963) and the subsample of
“elders” (men born between 1938 and 1950, and women born between 1943 and 1955) respectively. Column
(3) presents the results of the instrumental variable correction justified in section 4.2.

Column (2) of Table 1 shows the results of re-estimating equation (9) by OLS for the subsample of
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“elders” (men born between 1938 and 1950, and women born between 1943 and 1955). The
coefficient of interest reaches a value of 0.586. Using the smallest confidence interval, this value is
within the 95% confidence interval of the OLS coefficient for the main sample. Therefore, the elderly
subsample confirms the findings of the main sample. Regarding the controls, in all models their
coefficients have the expected signs and are precise.
The economic interpretation of the coefficient of interest (0.69 from column (3) of Table 1) ) is as
follows: If the coefficient is used to predict the cumulative frequency for two male individuals with
the same values in the controls32, one who contributes (whenever he does so) for the equivalent of
the minimum wage (relative earnings = 0.3) and another who contributes for the equivalent of 3
minimum wages (relative earnings = 1.05), the first exhibits a cumulative frequency of contributions
of 33% and the second a frequency of 85%. Equivalently, the cumulative number of years of
contribution was 23 years larger for the individual with higher relative earnings (for a working life
of 45 years). A woman in the first segment contributed 21 more years than if she had been in the
second segment, assuming a work life of 40 years.
This extent of stratification implies a massive difference in contributory pension replacement rates
for participants with lifetime relative earnings in the first versus the fourth quintile. This difference
is over and above the programmed or expected difference in earnings in a non-redistributive
earnings-related contributory pension plan.

4.4 Robustness checks
To verify robustness, two additional OLS models are estimated.33 First, the average relative taxable
earning (𝑅𝑇𝐸𝑖 ) is replaced by lifetime relative schooling, labeled here as 𝐿𝑅𝑆𝑖 . This new variable is
constructed as the average throughout the individual’s working life, of declared years of schooling,
relative to the current national average schooling of each year.34 The following equation represents
this model:
𝐶𝐹𝑖 = 𝛿0 + 𝛿1 𝑋𝑖 + 𝛿2 ∙ 𝐿𝑅𝑆𝑖 + 𝜖𝑖

(11)

In the main sample, the coefficient for this new stratification variable is positive and significantly
different from zero. However, when relative schooling rises by one standard deviation, contribution
frequency rises by only 0.2% (see electronic appendix). In contrast, Table 1, column (1) shows that
when relative taxable earning rises by one standard deviation, contribution frequency rises by 1.4%.
This implies that the estimated coefficient for relative schooling is much weaker than the coefficient
for relative taxable earnings (the former is only 13.5% of the latter). This weakness of relative
32

For these calculations, it is assumed that the minimum monthly wage is the one set by law for December
2015 (CLP 241,000/mo.) and the average taxable salary for the same date, just over CLP 646,000/mo. CLP is
Chilean Peso. Also, it is assumed that the value of the other regressors is the average exhibited in the main
sample. That is, year 1953 for the birth cohort.
33
See the electronic appendix for the results of the OLS estimation for both robustness exercises.
34
In each month, the numerator is the years of schooling achieved by an individual, assumed invariant once
he/she enters the labor market. The denominator is the average years of schooling of the entire population
at that same date: Source: “Acta resultados del comité consultivo del PIB tendencial”, Ministry of Finance,
August 2017. When averaging over time, only months in which the individual contributes are considered.
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schooling is accompanied by a collapse of the goodness of fit (see the electronic appendix).
The weak performance of relative schooling may be due to a conceptual advantage of relative
earnings as an indicator of labor productivity: earnings consider the investment in formal schooling
made by the young, their families or the community and in addition, also consider a second type of
investments, which mold attributes such as reliability, punctuality, leadership, soft skills and contact
networks (made by the family during the childhood of the individual35). These attributes are valued
by employers to the extent that they increase worker productivity. In contrast, relative schooling
excludes the investments made by the family in building attributes where schools have a smaller
role. The weak result of relative schooling is assessed here as supporting the main specification.
Financial Literacy: does it influence contribution frequency?
In this alternative model, a measure of financial literacy labeled 𝐹𝐿𝑖 is added as explanatory variable
to the main specification. The construction of this index follows the literature (Lusardi and Mitchell
2011, Garabato-Moure 2015) and uses the answers to qualitative questions of the EPS survey. The
range of the 𝐹𝐿𝑖 index goes from 0 to 1. This model is represented by the following equation:
𝐶𝐹𝑖 = 𝛾0 + 𝛾1 𝑋𝑖 + 𝛾2 ∙ 𝑅𝑇𝐸𝑖 + 𝛾3 ∙ 𝐹𝐿𝑖 + 𝜀𝑖

∀𝑖 𝑤𝑖𝑡ℎ 𝑅𝑇𝐸𝑖 < 1.10

(12)

One important result of this model is that the value and significance of the coefficient 𝛾2 for relative
taxable earnings remains virtually unchanged. This is supportive of the main specification.
The estimated coefficient for Financial Literacy (𝐹𝐿𝑖 ) is modest. Specifically, 𝛾2 = 0.012 with a
standard error of 0.002 (see the electronic appendix for more details). When added to the model
with relative schooling in (11), financial literacy does not influence the frequency of contribution (its
coefficient is not statistically different from zero).
This minor influence is financial literacy confirms the empirical findings of other authors.36 Theory
also offers reasons for a minor influence: a higher level of financial knowledge could negatively
influence the frequency of contributions in a context of uninsurable shocks to income and to priority
expenditures (like health). In a setting with credit constraints, highly rational and well-informed
individuals would realize that saving vehicles with at least some liquidity are superior to the illiquid
rights obtained through contributions. In response, some may take opportunities to evade,
accepting a higher risk of less protection for old age. Separately, an individual with greater financial
literacy may also be more adept at identifying ways to evade the obligation to contribute.
The estimated coefficient for Financial Literacy is also considerably lower than the only comparable
estimate available in the literature, the one reported by Behrman et al (2012). This difference can
be explained because the latter did not control for stratification by relative earnings. This implies,
according to our results, that their estimates are biased. The same applies to the estimate by
CIEDESS (2018, table N° 433, p. 181).

35

Of course, there is also a genetic component, which does not imply any human "investment".
See Bosch et al (2018) on evidence about the low impact of an educational experiment in high schools in
Chile. See also Landerretche and Martínez (2013).
36
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5. Mechanisms linking relative earnings to contribution

frequency
Why is the cumulative frequency of contributions stratified by relative earnings? Most of this section
outlines mechanisms of general applicability. Applicability to Chile is discussed at the end.
According to the literature, what matters for average labor formality is the valuation by households
(workers) of the full set of benefits and costs of complying with and avoiding two sets of laws, those
that apply to complying and to non-complying (informal) labor. Informality would also depend on
the outcome of a similar and simultaneous valuation made by employers, who could increase their
reliance on informal suppliers or even go informal themselves. The literature on labor informality
stresses that those two valuations are influenced by technology household preferences37, relative
access to credit (third-party credit depends on verifiable cash flows) and a wide set of laws and
regulations.
In turn, these regulations include the following: (i) social insurance policies linked to employment,
including the size of the sum of mandates to contribute, day care for infants, unemployment
insurance, health insurance, disability insurance, non-contributory pensions (subsidies) for the old
and, in a few countries, contribution for a down-payment on subsidized housing and for long-term
care insurance; (ii) labor market regulations on formal jobs relating to unionization, collective
bargaining, severance payment and minimum wages; (iii) the product-market regulations that
impinge on some informal jobs, not just on the formal sector; (iv) personal income tax rates, access
to fiscal transfers to those in formal and informal jobs and access to tax expenditures such as
mortgage interest deductions and simplified tax regimes for small employers38; and (v) the strength
of enforcement policies for each of the above (Bosch, Melguizo and Pagés, 2013, chapter 3; Abras
et al, 2018).
What follows focuses on enforcement because the other four policies were relatively lighter in Chile
during the sample period, than in most other emerging and advanced economies. Ideally,
enforcement policies should be defined broadly to include two types: (a) organized efforts such as
investigations, inspection programs, cross-checking data with other sources and asset freezing; and
(b) legislative initiatives to close exemptions and legal loopholes. Enforcement of the mandate to
contribute is thus a major determinant of contribution frequency.
Enforcement inequality caused by technology
The current cost of enforcement is proportional to the contemporaneous average national
remuneration, because it sets the cost of increasing enforcement personnel and inspection rates. In
contrast, the immediate additional revenue from more enforcement is proportional to the earnings
of the workers being inspected.39 For this reason, management of enforcement based on these
37

Household preferences over the division of their time between work at home and remunerated jobs vary
with the level of income.
38
Simplified tax regimes for small businesses that define the tax base in terms of some observable variable,
such as the weight of trucks for truckers, length of boats for fishermen, quality-adjusted area for farmers, etc.
have a major drawback: social insurance contributions are not deductible from such bases.
39
Current inspections also impinge on future revenue, mainly through reputation effects, but this effect is
muted when the authorities discount events after their current term with a large discount rate.
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short-run costs and benefits only would direct more inspections to workers with higher relative
earnings. Absolute earnings would play no role.
If some of the cost of inspection is fixed per employer, rather than by worker, the number of jobs
per employer should also influence inspection intensity, as chosen by the enforcement managers.
A third mechanism has an ambiguous impact: employers with more workers are more likely to selfenforce than other employers. Self-enforcement cuts the benefit of marginal inspections, but large
size insures that the marginal cost of inspections is low too, with an ambiguous net result for the
optimal intensity of inspection.
Now consider small-sized employers who assign importance to their public reputation. They are
more likely to self-enforce (Bosch, Melguizo and Pagés 2013, figure 3.10). Self-enforcement cuts the
benefit of marginal inspections in these firms. However, small size keeps the marginal cost of
inspections high, so the net impact on intensity of inspection is to reduce it, possibly to zero.
The evidence supports the notion that the first two mechanisms prevail. High-quality causal
evidence for Brazil shows that enforcement is unequal according to the size of the employer, being
stronger for larger employers (Almeida and Carneiro 2012, Andrade et al 2016, Abras et al 2018).
Since larger formal employers tend to recruit a higher share of more qualified personnel, who
demand higher earnings, the combined result may be described as “enforcement inequality”: less
enforcement effort in segments with lower relative earnings. This would explain a positive
relationship between relative earnings and frequency of contributions.
Enforcement inequality caused by short-run redistributive objectives
Two mechanisms fall under this heading. Both postulate that public opinion, and therefore those
authorities who attempt reelection, prefers lower degrees of earnings inequality. Let us emphasize
that this objective aims at relative earnings, not absolute earnings.
An efficiency-based foundation for this postulate notes that workers with less access to low-cost
consumer credit and insurance suffer more from non-insurable income or expenditure shocks. If
low relative earners have less access to consumer credit and insurance, a mandate to contribute a
fixed share of earnings imposes on them a burden that is relatively heavier than the one imposed
on high relative earners, who have more access to credit and insurance and may even hold some
precautionary savings. A different foundation for the postulate, based now on electoral incentives,
emphasizes that low earners are more numerous and more likely to change their vote in response
to enforcement efforts that reduce their subsidies or raise their taxes.
However, the postulate that the mandate to contribute is a burden is questionable in the medium
term. High churning and informality reduce incentives for employers to engage in medium-term
investments on vocational training and on-the-job learning. They may also induce young people to
invest less in their own schooling (Lagakos et al 2018, Bobba et al 2019). Moreover, informality
prevents building of a record of past earnings that can be shown to prospective creditors, reducing
access to credit and to insurance paid with installments. In the medium turn, enforcement inequality
has a negative impact on low earners through these channels and may be regressive.
The first mechanism accepts the short-run view that a mandate to contribute is a heavier burden
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for low earners. Progressive authorities with short horizons respond by reducing enforcement in
labor market segments with lower relative earnings. Such authorities also respond by preserving or
even widening legal or regulatory exemptions from the mandate to contribute, in directions
targeted towards low earners. For example, when the Argentinean authorities launched a National
Plan of Labor Regularization in 2003, they explicitly announced that their new enforcement efforts
would avoid labor segments with more informality or at subsistence earnings levels, to “avoid
punishing the weakest segments of the economy” (Bosch et al, 2013, box 3.2 p. 80).
The second mechanism emphasizes that tighter enforcement of contributions among low earners
would force low earners to reveal somewhat higher earnings to official databases. In turn, the
targeting algorithms that direct social welfare transfers would reduce the access of low earners to
social transfers, in an amount that depends on the steepness of the benefit formula. Progressive
authorities with short horizons would respond by engaging in enforcement inequality, rather than
taking the longer road of modifying the benefit formulae that govern social transfers.
These two political economy mechanisms imply that a plain recommendation to increase
enforcement efforts would be ineffective, because it would not address the motivations of the
authorities to choose enforcement inequality.
Enforcement in Chile
Our empirical results come from samples for Chile. The OECD produced recommendations for
policymakers who want to increase the frequency of contributions (OECD, 2018). Most of these
recommendations were met by Chile for at least three decades up to 2015 (the end of our sample).40
However, Chile did not implement one of those recommendations: strong enforcement.
Indeed, the tax administration (Tesorería) and the Labor Department (Dirección del Trabajo) do not
enforce the mandate to contribute for social insurance in Chile. Private firms are required to
demand employers who appear to skip contribution, but of course do not have inspection powers,
asset freezing powers or litigation privileges. When a Chilean employer admits a mistake, current
law dictates high fines that are disproportionately high, and requires the fine to be fully paid in a
single payment (no installments). The international evidence shows that countries who adopt laws
with larger fines for non-compliance tend to compensate with weaker enforcement (Kanbur and
Ronconi, 2018). This, combined with disproportionate fines in Chile, suggests that enforcement
should be relatively weak in this country. No investments in enforcement were included in the
pension reforms of 1981, 1994, 2002 and 2008.
Short-term redistributive objectives may also help explain why over a full century, all Chilean
governments kept a legal exemption for all the self-employed from the mandate to contribute for
social insurance.41 One outcome was that the share of the self-employed portion of employment
40

These are (i) ensuring fast economic growth in the formal sector, hoping to increase the share of job
offerings that is formal; (ii) full portability of pension rights between employers; and (iii) moderate
contribution rates for social insurance, with the aim of limiting incentives for evasion and shifting towards
self-employment and informality. Indeed, in Chile, the contribution rate for old-age, widow and disability
pensions was only 12.4% including administrative fees, and the sum of all social insurance rates was only 22%
for most of this period.
41
Recent Law No. 21.133, published February 4, 2019, ended that century-long spell. It will extend gradually
– over 8 years – the mandate to contribute to social insurance to a fraction of those who are self-employed
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remained at 25-30% despite fast economic growth since 1986.

6. Concluding remarks
This paper finds that individuals with relative earnings below some threshold, which is here 1.1
times average national earnings, have a deficit in contribution frequency. This deficit is proportional
to how far below that threshold is their average relative taxable earnings. It reflects that the
prevalence of informality and churning towards unremunerated work at home grows as relative
earnings falls.
This “stratification” by earnings of the frequency of contributions pushes low earners into
insufficient contributory pensions, or even into zero pensions if public policy requires a minimum
number of years of contribution, as in the U.S.A. and Spain. Future research should test this result
in other datasets.
The second finding of the paper is that when young participants look forward and assess the risk of
having low contribution frequencies in the future, this risk varies among earnings strata: future
dispersion of contribution frequencies is about twice as large for the third quintile of relative
earnings, compared to dispersions for both the first and fifth quintiles. This peaking behavior cannot
be addressed with a non-contributory pension, because the amount of this benefit is bound to have
modest impact for those in the third and fourth quintiles of earnings. The only solution is to reduce
stratification.
The underlying stratification by earnings of the prevalence of informality and churning towards
unremunerated work at home also reduces labor productivity in the medium term, if formal jobs
helps to raise investment by employers on vocational training and on-the-job learning and if formal
jobs create incentives for the young to invest more in their own schooling.
Several of the mechanisms that can explain stratification point towards unequal enforcement of the
mandate to contribute. This explanation applies clearly to Chile, the source of our data. The
discussion here suggests that enforcement inequality is likely to be part of a short-run political
equilibrium. In this equilibrium most authorities disregard the ability of employment formality to
raise take-home salaries in the medium term. This may be related to the findings of another
literature: the authorities appear to disregard that the damages caused by enforcement inequality
may be amplified by subsidy programs for entrepreneurship that are conditional on firms remaining
small (Eslava, Haltiwanger and Pinzón, 2019).
New theory is needed on the political economy of enforcement inequality for several types of
regulations, distinguishing between short-run equilibria and medium-term impacts. Most
important, empirical work should measure the extent to which informality and churning towards
unremunerated work at home reduces labor productivity in the medium term. Future research
should test in more detail the different forces involves in the mechanisms suggested here as

and to those where are not but hide as such by agreeing to work for honoraria, as if they were independent
suppliers of services. However, the authorities inserted exemptions and deductions in this law as well.
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supporters of enforcement inequality.
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A.1. Complementary figures and tables for section 2
A.1.1. Additional descriptive information on the three samples used in sections 2 and 4
(mentioned in p. 6 of main text):
Main sample:
VARIABLE

Obs

Mean

SD

Min

Max

Sex
Relative earnings
Cumulative frequency

4,044
4,044
4,044

48%
0.81
0.39

0.50
0.73
0.32

0%
0.013
0.002

100%
3.99
1

Table A.1. Chile: Descriptive information on the main sample (men born between 1938 and 1958 and women born
between 1943 and 1963).

Sample of elders:
VARIABLE
Sex
Relative earnings
Cumulative frequency

Obs

Mean

SD

Min

Max

1,734
1,734
1,734

50%
0.90
0.41

0.50
0.80
0.33

0%
0.015
0.002

100%
3.99
1

Table A.2. Chile: Descriptive information on the subsample of older cohorts (men born between 1938 and 1950 and
women born between 1943 and 1955).

Younger sample:
VARIABLE
Sex
Relative earnings
Cumulative frequency

Obs

Mean

SD

Min

Max

6,452
6,452
6,452

45%
0.80
0.46

0.50
0.60
0.29

0%
0.006

100%
3.68
0.996

Table A.3. Chile: Descriptive information on the sample of younger cohorts (men born between 1959 and 1979 and women
born between 1964 and 1984).
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A.1.2 Distribution of the observations (and the population) within bins of relative earning
(mentioned in footnote 16 in main text)

Figure A.1. Chile: Complementary to Figure 2 in main text. Number of people in expanded observations (vertical axis) in
each bin of relative taxable earnings (horizontal axis), for four averaging periods: 6, 12, 20 and total available data. The
data is for the main sample.
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A.1.3 Distribution of the observations (and the population) within bins of relative earning
for different age ranges (mentioned in footnote 16 in main text)

Figure A.2. Chile: Complementary to Figure 3 in main text. Number of individuals or expanded observations (vertical axis)
within each bin of relative taxable earnings (horizontal axis) when the cohorts in the main sample were in the following
six age ranges: 25-30, 31-36, 37-42, 43-48, 49-54 and 55-60 (both limits included).
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A.1.4 Distribution of the observations (and the population) within bins of relative earning
for a younger cohort (mentioned in footnote 16 in main text)
Number of people when AP is 6 years

Number of people when AP is 12 years

350.000
300.000

250.000
200.000
150.000
100.000
50.000

<4

<3

<2

<1.9

<1.8

<1.7

<1.6

<1.5

<1.4

<1.3

<1.2

<1.1

<1

<0.9

<0.8

<0.7

<0.6

<0.5

<0.4

<0.3

<0.2

<0.1

-

Figure A.3. Chile: Complementary to Figure 5 in main text. Number of individuals or expanded observations (vertical axis)
within each bin of relative taxable earnings (horizontal axis), with 2 different averaging periods: 6 years (dark line) and 12
years (light line). In contrast to other figures, this data is for the younger sample (men born between 1959 and 1979 and
women born between 1964 and 1984).
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A.1.5 Distribution of the observations (and the population) within bins of relative earning
when observations with less than 15 years of contribution are discarded (mentioned in
footnote 16 in main text)

Figure A. 4. Chile: Complementary to Figure 6. Number of people in each bin of relative taxable earnings (horizontal axis)
when individuals with less than 15 years of contribution are discarded. Again, four different averaging periods are
considered: 6, 12, 20 and total available data. The data corresponds to the main sample.
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A.1.6 Skewness and standard deviation of skewness, for the observations within each bin
of relative earning in the forward-looking estimate for individuals aged 25-35 as of 1995
(mentioned in footnote 16 in main text)
Relative taxable earnings (1981-1995)
<0.1
<0.2
<0.3
<0.4
<0.5
<0.6
<0.7
<0.8
<0.9
<1
<1.1
<1.2
<1.3
<1.4
<1.5
<1.6
<1.7
<1.8
<1.9
<2
<3
<4

Observations
35
154
487
657
484
375
254
189
117
81
64
56
37
39
21
17
11
10
12
7
30
14

Skewness
1.29
1.18
0.70
0.13
-0.23
-0.50
-0.65
-0.53
-1.08
-1.57
-1.46
-0.87
-1.05
-1.26
-0.09
-0.76
-1.53
-2.53
-1.01
-1.22
-2.48
-0.98

SD of sample skewness
0.10
0.20
0.11
0.10
0.11
0.13
0.15
0.18
0.22
0.27
0.30
0.32
0.39
0.38
0.50
0.55
0.66
0.69
0.64
0.79
0.43
0.60

Kurtosis
3.96
3.42
2.21
1.58
1.60
1.90
2.13
2.02
3.28
4.36
4.27
2.59
2.94
3.27
1.29
2.44
3.89
8.58
2.74
2.84
8.65
2.80

Table A.4. Chile: Complementary to Figure 7 in main text, which presents the interquartile ranges of cumulative frequency
of contribution over 1996-2015 in the forward-looking sample for individuals aged 25-35 in 1995.
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A.2. Determination of the threshold for stratification, in sections 2.6 and 3
A.2.1 Descriptive statistics for the control variables used in the determination of the
threshold and in section 4 (mentioned in page 16 in main text).
VARIABLE

Obs

Mean

SD

Min

Max

Relative earnings
Cumulative frequency
Literacy of the father
Literacy of the mother
Woman*Children
Male*No.Children
Male*Birth.Year.1
Male*Birth.Year.2
Male*Birth.Year.3
Male*Birth.Year.4
Male*Birth.Year.5
Male*Birth.Year.6
Male*Birth.Year.7

4,044
4,044
3,589
3,391
4,044
4,044
4,044
4,044
4,044
4,044
4,044
4,044
4,044

0.81
0.39
81%
86%
44%
8%
2%
3%
6%
6%
9%
10%
12%

0.73
0.32
0.39
0.34
0.50
0.26
0.14
0.18
0.23
0.25
0.28
0.30
0.33

0.013
0.002
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%

3.99
1
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

Table A.5: Chile. Descriptive statistics of the variables constructed with data from the HPA.

A.2.2 Smoothed values attained by the measure of curvature in each bin of the main
sample. (mentioned in section 2.6, page 18 in main text)
Curvature (HPA data)

2
1,8

Second threshold

1,6
1,4
1,2
1
0,8
0,6
0,4
0,2
0
0

0,5

1

1,5

2

2,5

Figure A.5: Chile. Estimated curvature (vertical axis) in each new bin of relative taxable earning (horizontal axis). The data
corresponds to the HPA (main sample).

A.2.3 Values attained by curvature in the probit estimation from cross-section data from
CASEN 2015. (mentioned in section 3, page 20 in main text)
42

Curvature (CASEN 2015 data)
1,8
Threshold

1,6
1,4
1,2
1
0,8
0,6
0,4
0,2
0
0,05

0,55

1,05

1,55

2,05

Figure A.6: Chile. Estimated curvature (vertical axis) for different values of relative taxable earnings (horizontal axis). The
data corresponds to the CASEN 2015.
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A.3. Additional information for the probit estimation in section 3
A.3.1 Aspects of the CASEN survey for Chile that impinge on the results (mentioned in page
18 in main text).
The main cross-section survey available in Chile is called CASEN. This survey was first taken in 1987
and has had a new wave every two or three years. The last three waves had more than 69,000
complete responses each.
We thank Ursula Schwarzhaupt, chief economist at the Subsecretaría de prevision Social, for some
of the following observations on the quality of CASEN:
 The CASEN survey does not perform well when measuring the income of the elderly.
Specifically, a large portion of this group, who has a pension according to administrative data,
reports to the survey that they don’t have a pension. This contradiction is important.
 According to the CASEN survey, about 80% of the elderly appear to meet the targeting
requirements to have access to non-contributory benefits. However, the proportion having an
actual Pension Targeting Score (Puntaje de Focalización Previsional, PFP) below the 60th
percentile is only 65%. This implies that the actual PFP score measures more resources than
those declared to the CASEN survey.
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A.3.2 Aspects of the Chilean institutional setting that impinge on the results (mentioned in
p. 18 in main text)
The Chilean institutional setting includes four contributory pension schemes: (i) the unified fully
funded scheme initiated in 1981, which is the source of the data used in sections 2 and 4; (ii) the 32
old pay-as-you go schemes for civilians which are administered by a single public entity (the Instituto
de Previsión Social, IPS) and were closed to new participants in 1984; (iii) an occupational scheme
for the police, the detective corps and prison guards; and (iv) an occupational scheme for the armed
forces.44 The combined number of contributors in schemes (ii), (iii) and (iv) is about 3.5% of total
contributors, in any given month.
The mandate to contribute applies only to so-called dependent workers, defined as those whose
work is directed by somebody else, have a formal labor contract and are not an employer. Therefore,
large segments of individuals who declare gainful employment were legally exempt from
contributing to social security, including to old-age pensions, in the sample period. These individuals
are self-declared independent workers and the (small) employers themselves.
Although some of these gainfully employed persons are formal in the sense of paying taxes and
complying with regulations, a large majority are and have been informal.
The Chilean State spends very little in inspections of the mandate to contribute. Inspections occur
only when a formal complaint is raised by a formal worker. In practice, this threat leads larger
employers to engage in self-enforcement. This process does not apply among smaller firms.
In contrast to the administrative data in the HPA, used in sections 2 and 4, the CASEN surveys used
in section 3 provide information on remunerated workers who are informal and on those who are
legally exempt from the mandate to contribute (see above).
In addition, the CASEN surveys used in section 3 reports the identity of the contributory pension
scheme in which the respondent declares to be a member or participant, when the respondent says
he or she did contribute last month. However, the CASEN surveys do not report the identity of the
contributory pension scheme in which the respondent is a member, when the respondent says he
or she did not contribute last month. The absence of this information prevents us from allocating
informal and exempt workers across pension schemes.45
This affects the interpretation of the zeros. These are the “no” responses to the question Did you
contribute last month? Indeed, some of the zeros correspond to members of schemes (ii), (iii) and
(iv). Currently there is no way to separate them out. This may bias the Probit estimates somewhat,
but since the overall number of contributors in schemes (ii), (iii) and (iv) is much smaller than those
in scheme (i), we believe that this potential bias is negligible.

A.4. Complementary figures and tables for section 4
A.4.1 QQ-plot for assessing normality.
This plot compares the data values divided in quantiles, with the values that would be
predicted if the distribution of errors were a standard normal. (mentioned in p. 23 of main
text)
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Participation in any of the two occupational schemes exempts the worker and employer from contributing
to scheme (i), and formerly, to schemes (ii). This is different from employer pensions in the U.S.
45
Although a separate question asks the respondent if he or she participates in any pension scheme, or
none, in case of a yes answer the last waves of CASEN do not report on the identity of that scheme.

45

Figure A.7: Chile. QQ-plot comparing the data values (truncated at 𝑅𝑇𝐸𝑖 = 1.1) divided in quantiles, with the values
that would be predicted if the distribution of errors were a standard normal.
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A.4.2 Comparison of the histogram of the fitted residuals with those expected from a
normal distribution (mentioned in p. 23 of main text)

Figure A.8: Chile. Histogram for the residuals in the second-stage regression in column (3) of Table 1 in Section 4 with a
fitted normal curve. Data is truncated at 𝑅𝑇𝐸𝑖 = 1.1.
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A.4.3 Instrument relevance test (mentioned in footnote 26, page 22 of main text)
TEST

Value

F (11 , 2697)

31.5

Table A.6. Test “F” for the relevance of the instruments (parent’s literacy).

For descriptive statistics for the Parents’ literacy variables (Mentioned in footnote 29, p.
23 main text), see section A.2.1 of this Appendix.
A.4.4 Auxiliary regressions and coefficients of the parents’ literacies in them (mentioned in
footnote 31 in p. 23 of the main text)
Worldwide evidence shows that in some economic sectors formality is higher than in others (Gill et
al, 2005). The same applies for employers of different size – measured by the number of workers.
To identify those economic sectors with higher level of formality in the Chilean economy, we use
data from the EPS (2002 wave) to run a complementary Probit model. The dependent variable is
the probability of contributing in a given month. The regressors are the birth cohort of the
participant, a gender dummy (1 for males), a dummy that takes value 1 when the participant has
at least one child born alive, a dummy that takes value one if the participant did his secondary
education in an urban area and another dummy that takes value one if the respondent reports
that the economic situation of the household where he grew up was poor.
In the next stage, we consider the 3 sectors where the probability of contribute is higher: Utilities,
Manufacturing and Mining.
Table A.7 reports the average probability of contributing in each economic sector.

Sector

Average probability of contributing

Agriculture
Mining
Manufactures
Utilities
Construction
Commerce
Transportation
Financial services
Communitary and social services

40%
55%
55%
63%
44%
46%
47%
52%
53%

Table A.7. Average probability of contributing in each economic sector.

Separately, out of a total of 8 employer sizes ordered by the number of employees, we choose the
3 largest sizes outright, because the literature is clear about formality being higher when the
employer is larger (Almeida and Carneiro 2012, among others).

48

Now auxiliary Probit regressions are formulated: The dependent variable is the probability of having
worked for a substantial fraction of the working lifetime in either the three more formal economic
sectors, or in the three larger employer sizes. In this context, if the exclusion restriction were
violated, the parents’ literacy dummies should be significant as explanatory variables.
For each individual, it is still necessary to clarify the meaning of having worked a “substantial”
fraction in a given type of sector or employer size. We defined this with several thresholds:
“substantial” was defined as working for more than 40%, more than 50%, more than 60% and more
than 80% of the available time, in either an economic sector or an employer’s size with high
formality. The results would be robust if they do not change across thresholds.
The independent variables in these auxiliary regressions are both parents’ literacies, plus the
controls shown below. The results of these exercises are reported in tables A.8 and A.9. In both
cases, the parents’ literacies are not different from zero at 10% of significance, regardless of the
threshold used to define “substantial”.
Table A.8. Results of the auxiliary Probit regressions for the economic sector.
VARIABLES
Literacy of the father
Literacy of the mother
Birth cohort
Sex
Basic education in urban area
Having any children
Ec. Situation of the houshold when being a child
Constant

Observations
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Probit (1)
> 40% of the time

Probit (2)
> 50% of the time

Probit (3)
> 60% of the time

Probit (4)
> 80% of the time

0.0300
(0.0807)
-0.00197
(0.0730)
-0.000480
(0.00477)
0.312***
(0.0573)
0.234***
(0.0671)
0.131
(0.0982)
-0.0526
(0.0530)
-0.336
(9.318)

-0.0188
(0.0813)
-0.0380
(0.0737)
-0.000498
(0.00484)
0.308***
(0.0583)
0.267***
(0.0688)
0.109
(0.0994)
-0.0412
(0.0539)
-0.294
(9.461)

-0.0582
(0.0830)
-0.0296
(0.0757)
-0.00262
(0.00497)
0.275***
(0.0598)
0.302***
(0.0716)
0.154
(0.104)
-0.0564
(0.0554)
3.744
(9.705)

-0.0676
(0.0870)
-0.0310
(0.0797)
-0.00867*
(0.00520)
0.306***
(0.0633)
0.303***
(0.0758)
0.154
(0.111)
-0.0749
(0.0584)
15.44
(10.16)

3,138

3,138

3,138

3,138

Table A.9. Results of the auxiliary Probit regressions for the employer size.
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VARIABLES
Literacy of the father
Literacy of the mother
Birth cohort
Sex
Basic education in urban area
Having any children
Ec. Situation of the houshold when being a child
Constant

Observations
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Probit (1)
> 40% of the time

Probit (2)
> 50% of the time

Probit (3)
> 60% of the time

Probit (4)
> 80% of the time

0.113
(0.0759)
0.137**
(0.0683)
-0.0128***
(0.00439)
0.154***
(0.0527)
0.274***
(0.0615)
0.250***
(0.0903)
0.0830*
(0.0493)
23.91***
(8.585)

0.110
(0.0772)
0.100
(0.0693)
-0.0143***
(0.00445)
0.121**
(0.0534)
0.259***
(0.0627)
0.275***
(0.0927)
0.119**
(0.0500)
26.71***
(8.691)

0.0973
(0.0782)
0.0758
(0.0700)
-0.0150***
(0.00449)
0.107**
(0.0540)
0.232***
(0.0634)
0.282***
(0.0945)
0.138***
(0.0507)
28.08***
(8.781)

0.0960
(0.0816)
0.0518
(0.0729)
-0.0177***
(0.00463)
0.0269
(0.0560)
0.193***
(0.0658)
0.338***
(0.101)
0.176***
(0.0526)
33.12***
(9.057)

3,068

3,068

3,068

3,068

A.4.6 Results of the first stage in the IV estimation of the main regression, column (3) in
Table 1 of the main text (mentioned in page 24 of the main text).

VARIABLES
Literacy of the father
Literacy of the mother

First-stage regression
relative earnings
0.049***
(0.0118)
0.0462***
(0.0107)

Woman*Children
(base is Woman*No.Children)

-0.049***
(0.0211)

Male*No.Children
(base is Male*Children)

-0.095***
(0.0217)

Male*Birth.Year.1

0.154***
(0.0331)
0.0982***
(0.0299)
0.0893***
(0.0277)

Male*Birth.Year.2
Male*Birth.Year.3
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Male*Birth.Year.4
Male*Birth.Year.5
Male*Birth.Year.6
Male*Birth.Year.7

0.073***
(0.0259)
0.082***
(0.0250)
0.108***
(0.0244)
0.108***
(0.0238)

Constant

0.396***
(0.0229)

Observations
R-squared
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

2,749
0.109

Table A.10. Results of the first stage in the IV estimation of the main model.

A.4.7 Test of overidentifying restrictions in the IV model (Table 1, column (3))
TEST

Value

Sargan [Chi2(1)]
Basman [Chi2(1)]

1.56
1.56

(p = 0.21)
(p = 0.21)

Table A.11. test of overidentifying restrictions in the IV estimation of the main model.
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A.4.7 Results of the estimation of both robustness regressions by OLS. (Mentioned in
footnote 33 in p. 26 and in page 27 of the main text)
When relative schooling rises by one standard deviation, contribution frequency rises by 0.2% (see
column (1) in Table A.12 below and multiply 0.177*0.0109). In contrast, Table 1, column (1) in the
main text shows that shows that when relative taxable earning rises by one standard deviation,
contribution frequency rises by 1.4% (multiply 0.62*0.0231). This implies that the estimated
coefficient for relative schooling is much weaker than the coefficient for relative taxable earnings
(the former is only 13.5% of the latter).
Column (2) in table 12 is commented in the main text.

VARIABLES

(1) OLS
c. frequency

Relative taxable earnings
Financial literacy

(2) OLS
c. frequency
0.580***
(0.0240)
0.0127***
(0.00221)
-

Relative schooling

0.177***
(0.0109)

Woman*Children
(base is Woman*No.Children)

-0.137***
(0.0257)

-0.125***
(0.0256)

Male*No.Children
(base is Male*Children)

-0.0961***
(0.0285)

-0.0140
(0.0264)

0.0639
(0.0416)
0.0828**
(0.0360)
0.0400
(0.0335)
0.0429
(0.0314)
0.0213
(0.0302)
0.0253
(0.0297)
0.0377
(0.0290)

0.0716**
(0.0328)
0.0994***
(0.0276)
0.0953***
(0.0241)
0.0865***
(0.0209)
0.0798***
(0.0194)
0.0718***
(0.0182)
0.0889***
(0.0170)

0.297***
(0.0277)

-0.0133
(0.0143)

Male*Birth.Year.1
Male*Birth.Year.2
Male*Birth.Year.3
Male*Birth.Year.4
Male*Birth.Year.5
Male*Birth.Year.6
Male*Birth.Year.7

Constant
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Observations
R-squared
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

3,382
0.130

2,749
0.277

Table A.12: Chile. Results of estimating both robustness regressions by OLS. Column (1) of the table corresponds to the
results when relative taxable earning is replaced by relative schooling. Column (2) of the table corresponds to the results
when financial literacy is included as an additional regresor (alongside relative taxable earning).
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