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Abstract
This investigation identifies and quantifies the short and long-term effects of a large transit
expansion in Chile on academic achievement. Estimates are derived using instrumental
variables and fixed effects models. In the short term, substantially closer proximity to the
subway network is associated with lower test scores (11 percentage points of one standard
deviation) in high school. Two mechanisms underlying this effect are an increase in both
school turnover and the student/teacher ratio. In the long term, schools adapt to the increase
in demand by increasing sections. This implies a fadeout on the impact of transit on academic
achievement.
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1. Introduction
Access to education is a top concern both at a global level (United Nations General Assembly
2015) and for most governments (see, for example, United Kingdom Parliament [1998], U.S.
Department of Education [2016],

Presidencia de la República de México [2016], or

Gouvernement de la République française [2017]). One of the dimensions of access to
education is the cost that students must face in their commuting to schools (UNICEF 2000).
Hence, studying the impact of investments in transport infrastructure on academic achievement
is relevant to understand the role of transit on the access to education and education outcomes.
We investigate the effect of a large subway network expansion in Santiago de Chile on test
scores. To obtain a causal estimate, we use the opening of new subway stations in Santiago in
the mid-2000s as a shock to proximity to the subway network. By instrumenting proximity to
the subway network with proximity to the least-cost path route between the central business
district and the district the planner wanted to connect, we exploit an arguably exogenous shock
to proximity to the subway network.
We find that closer school–subway network proximity of 4.7 km or more for students whose
school ends up nearer than 2 km from the new subway stations worsen those students’ scores
by 11 per cent of a standard deviation in the short term (one year after the opening of the new
subway stations). This short-term effect was driven by an increase in cohort sizes and school
turnover. However, in the long term (three years after the opening of the new subway lines),
the negative effect of proximity to the subway network on the same cohort’s academic
achievement disappears. This fadeout effect is consistent with the fact that we do not observe
that, in a cross-section, proximity to the subway network is correlated with lower academic
achievement. We find evidence that the fadeout effect is driven by an increase in the long term
of sections in schools that experienced substantially closer proximity to the subway network.
The fact that there is a fadeout in the long-term effect on test scores does not necessarily mean
that the impact of proximity to the subway network has no long-term effects. There is consistent
evidence coming from the early childhood education literature that a fadeout in test scores may
go hand-in-hand with relevant long-term effects on adult outcomes. For example, Deming
(2009) finds that the effect of Head Start on test scores fades out from 0.15 standard deviations
at 5–6 years old to less than half at 11–14 years old. Despite this fadeout effect, the effect on a
summary index of adult outcomes (high school graduation, college attendance, “idleness,”
crime, teen parenthood, and health status) is of 0.23 standard deviations. In another example,
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Elango et al. (2015) also find that children in high-quality preschool programs experience a
fadeout effect in cognition. However, these programs have strong positive effects on adult
outcomes such as employment, health and reduced criminal activity.
This topic is timely and important because middle-income countries and fast-growing
economies like China, Brazil, and Russia are investing heavily in their urban transport
systems—especially in rapid transit systems (Gaubatz 1999; Ferreira and Alves 2012; Moscow
City Government 2014). For example, the Chinese Government is planning to invest $706
billion between 2017 and 2019 (Reuters 2016). Despite these large investments, the literature
with well-identified parameters about the impacts of investments in transit on academic
achievement is extremely thin.
Empirical evidence is not conclusive about the set of factors affecting student achievement.
Researchers have typically focused on traditional schooling inputs such as teaching quality
(see, for example, Rockoff [2004]) or class size (Krueger and Whitmore 2001). Nevertheless,
the literature has not explored in detail the effect of other factors on student achievement such
as proximity to transit infrastructure or, more generally, accessibility to schools. On a related
issue, the evidence is still silent about why, according to Chetty, Hendren, and Katz (2016),
living in low-poverty neighbourhoods has a positive (negative) long-term impact on earnings
for children whose families moved to the low-poverty neighbourhood before (after) age 13.
Some aspects of experiencing closer proximity to transit infrastructure—such as better access
to schools and jobs—are also experienced by children whose families move from high to lowpoverty neighbourhoods. In this study, we analyse the effect of proximity to the subway
network for students who were 14 or 15 years old (9th grade) at the opening of the new subway
stations. Therefore, understanding the mechanisms underlying the impact of proximity to the
subway network on academic achievement might illuminate the mechanisms underlying the
neighbourhood effects found by Chetty, Hendren, and Katz (2016). In particular, this study
may provide a better understanding of what the “disruption effects” pointed out by Chetty,
Hendren, and Katz consist on.
To the best of our knowledge, no previous studies explore the impact of proximity to the
subway network on academic performance. On related topics, two studies have explored the
impact of school accessibility (proxied by home–school distance and commuting time) on postcompulsory education enrolment and graduation from upper-secondary schools. Using British
data, Dickerson and McIntosh (2013) found that less distance between the students’ homes and
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their closest school (measuring distance ‘as the crow flies’) is positively related to the
probability that ‘young people who are on the margin of participating in post-compulsory
education (according to prior attainment and family background) continue into postcompulsory education’. Dickerson and McIntosh’s finding is consistent with Falch et al.’s
(2013) finding, which concluded that reduced commuting time has a positive effect on
graduation from upper secondary schools in Norway and that this effect is larger for students
in the second and third quartiles of prior academic achievement.
These two papers have limitations and respond to different research questions compared to
ours. Dickerson and McIntosh’s (2013) estimate of the impact of school accessibility on postcompulsory education enrolment may be biased upwards because of omitted variables such as
household income. Falch et al. (2013) explore the impact of school accessibility on upper
secondary school graduation, not on test scores as this paper does. Test scores are of interest
because they could signal the impact of school accessibility not only on students with low or
median prior achievement but also on the whole distribution of students.
We improve the existing literature in three aspects. First, we extend the previous literature by
exploring the mechanisms through which proximity to the subway network had a short-term
negative effect on test scores. Second, we estimate both the short and long-term effects of
proximity to the subway network on test scores (one and three years after the subway station
openings respectively).
Third, we are more careful in establishing causal relations between transit and academic
achievement. A cross-section analysis may be biased because unobservables such as students’
ability could be correlated with proximity to the subway network and academic achievement.
To obtain a causal estimate, we use the inauguration of new subway stations in Santiago de
Chile in the mid-2000s. To make our estimation robust to a potential endogeneity between the
route of the new subway line and students’ academic achievement, following Chandra and
Thompson (2000), and Banerjee, Duflo and Qian (2012), we apply the “inconsequential units
approach” (termed coined by Redding and Turner [2015]). We first isolate the proximity to the
subway network that is quasi-experimental due to accidental improved connectivity. We do
this by using proximity to the least cost path route (i.e. straight line) between Santiago’s central
business district and the place which the authority wanted to connect to the subway network
(Puente Alto Square). This proximity is our instrument. We are the first in applying this kind
of instrument in an urban setting. We also run placebo test using a subway that was built after
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our period of study to show that unobservables correlated with routes with a high demand for
transit infrastructure do not drive our results.
This study has two additional strengths. First, we establish our findings using administrative,
individual panel data for all students in the same cohort rather than a cross-section of survey
data. The individual nature of the panel data enables us to calculate an intent-to-treat effect that
avoids selection of students into treated or non-treated areas induced by the transport
innovation. Also, because we use data for the whole student population in Santiago, we avoid
response selection, and we can introduce detailed spatial controls (1 kilometre rings around the
pre-treatment subway network, 42 municipalities in urban Santiago) that account for
unobserved test score trends for small spatial units. To our knowledge, this is the first paper
which uses the previously mentioned dataset.
Second, we are more careful than the existing literature in demonstrating the robustness of our
findings. We explore not only the effect of linear school–subway network proximity
(henceforth, proximity) but also the non-linear effects of the same variable by introducing
proximity categories. Moreover, we are also able to distinguish the heterogeneous effects of
school–subway network proximity depending on the distance from the new subway network.
We also check that there is no evidence that unobservables are driving our results by carrying
out a placebo test with a proposed line that had not yet been inaugurated in the post-expansion
period (2006).
Our investigation is also related to a growing strand of the literature that analyses the effects of
investment in subway infrastructure on human and economic development. Several authors
explore the impact of subways on property prices (see, for example, Baum-Snow and Kahn
[2000]; Gibbons and Machin [2005]; and Billings [2011]). Gonzalez-Navarro and Turner
(2016) examine the impact of subways on urban growth and cities’ decentralisation. Also,
Billings, Leland, and Swindell (2011) explore the impact of a light rail line on property crime.
Mayer and Trevien (2017) explore the impact of subways on employment and population
growth. Dustan and Ngo (2018) examine the impact of a suburban train on the set of schools
families choose. Although the particular questions in these studies differ from ours, we are also
interested in furthering our knowledge about the broad impacts of transit infrastructure.
Also, this study contributes to the literature on access to education. For example, Duflo (2001)
finds that a large-scale construction of schools in Indonesia had a positive effect on years of
schooling and wages. On another context, Burde and Linden (2013) find that the construction
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of schools in villages in Afghanistan increased enrolment and test scores particularly for girls
(52 percentage points and 0.65 standard deviations respectively).

2. Methods
2.1. Measurement Issues
The definition of transport accessibility which the British Department for Transport (2011)
uses is the ‘extent to which individuals and households can access day to day services, such as
employment, education, healthcare, food stores and town centres.’ (p. 2). According to this
definition, accessibility is intimately related to the cost (in time, money, and effort) incurred
by individuals when accessing their routine activities. In this investigation, the relevant dayto-day activity is students’ access to nearby schools.
This definition of accessibility implies costs regarding time, money, and effort to get from
origin to destination. We call this ‘destination accessibility’. Ahlfeldt (2013) uses destination
accessibility when considering the change in travelling distance of workers to all potential
employers. However, to apply the destination accessibility concept to the present study, we
should model the whole transport network with its different modes (walking, car, bus, subway)
and car availability during different periods of the day.
Alternatively, we could assume that individuals have only two modes of transport available:
subway or walking (and a combination of both modes). We call ‘subway accessibility’ to an
indicator that is inversely proportional to the average time that individuals would take to every
potential employer in the city when the only available modes of transport are subway and
walking. In this study, we would need to define all schools at a feasible commuting distance
for each student. Unfortunately, the criteria for defining ‘feasible commuting distance’ for
students requires very specific knowledge about individuals.
A third option is to use the distance between each student’s school and the nearest subway
station as a proxy for access. We call this ‘station accessibility’. The advantage of using station
accessibility is that it does not require knowledge, data or assumptions about modes of transport
other than the subway. In the context of the impact of better urban transport accessibility on
property prices, Ahlfeldt (2013) finds similar results using ‘destination’ or ‘station’
accessibility. Because of data availability, in this study, we use the station accessibility
definition.
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2.2. Empirical Strategy
This section discusses methods for quantifying the impact of closer proximity to the subway
network on academic achievement. To provide a basic reference point, we start by describing
a simple cross-section regression for studying such relation. Then we describe a school fixed
effects regression that accounts for unobserved fixed characteristics in each school. Next, we
address the issues that could bias our fixed effects estimates of the impact of school
accessibility on test scores. Finally, we provide an instrumental variables framework that
addresses a potential endogeneity between the location of the new subway stations and student
achievement (our outcome variable).
2.2.1. Regression Framework
We start by describing a simple regression model relating test scores to school accessibility
proxied by proximity to the subway network. This is the model that has been typically used in
the past to study the relationship between accessibility and student achievement (see, for
example, Dickerson and McIntosh [2013]):
𝑦𝑖𝑡 = 𝑑𝑖𝑡 𝛽 + 𝑓𝑖 + 𝑔𝑡 + 𝜀𝑖𝑡

(1)

In (1), 𝑦𝑖𝑡 is student i ’s mathematics test score in period t, 𝑑𝑖𝑡 is the distance between student
i´s school and its nearest subway station at time t, 𝑓𝑖 are individual and place-specific
characteristics that are fixed over time, 𝑔𝑡 are general time effects and 𝜀𝑖𝑡 is equation (1)’s error
term. The key parameter in equation (1) is 𝛽, the effect of proximity to the subway network on
test scores. We focus in mathematics test scores—rather than language ones—because the
former are more susceptible to modification by school inputs (Chetty, Friedman, and Rockoff
2011).

2.2.2. Fixed-effects framework
The problem with equation (1) is that there could be unobserved individual characteristics such
as students’ ability, family background or the education quality provided by teachers that could
be correlated both with the schools’ average test score and the proximity to the subway
network. This could happen if, for example, schools with a high proportion of students from
higher socioeconomic status households were located nearer to the subway stations compared
to schools with a high proportion of students from lower socioeconomic households. If this
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were the case, an estimation of equation (1) would not be feasible because some part of the 𝑓𝑖
would be unobserved. Otherwise, omitting this unobserved part of 𝑓𝑖 in the estimation of 𝛽
would lead us to omitted variable bias.
To account for students’ unobserved fixed characteristics whose effects do not change over
time (variable 𝑓𝑖 in equation (1)) we work with time differences instead of a cross-section. To
study the effects of variation in the key variable (accessibility or distance between schools and
their nearest subway stations), models based on time differences need variation in the key
variable that—conditional on the regressors—is uncorrelated with the dependent variable’s
(test scores) trend. As we explain in the introduction, one of the largest changes in Santiago’s
subway network occurred in the mid-2000s. This subway expansion consisted of a new 24-km
subway line (Line 4) that goes from the central business district to the south of Santiago, plus
extensions of existing subway lines in the northern and southern peripheries of Santiago (Lines
2, 4A and 5). This massive change in transport accessibility decreased the distance from the
nearest subway station for more than 50 per cent of households in Santiago. We exploit these
transport innovations as well as Chile’s administrative SIMCE test panel data described in
Section 3.3 to identify the impact of proximity to the subway network on student achievement.
A convenient way to estimate equation (1) is to rewrite it in time differences:
(𝑦𝑖1 − 𝑦𝑖0 ) = (𝑑𝑖1 − 𝑑𝑖0 )𝛽 + (𝑔1 −𝑔0 ) + (𝜀i1 − 𝜀i0 )

(2)

In contrast with equation (1), equation (2) does not contain individual i’s unobserved
characteristics that are time-invariant (𝑓𝑖 ) yet still contains the parameter of interest, 𝛽. The two
periods are before the construction of the new subway stations (t=0, at the end of 2004) and
after their construction (t=1, at the end of 2006).
Equation (2) is an explicit way of specifying a ‘before and after’ analysis that enables us to
identify the key parameter 𝛽 accounting for invariant characteristics of individuals: 𝛽̂ is the
fixed-effects estimator. The identifying assumption for an unbiased estimate of the effect of
proximity to the subway network on academic achievement is that, conditional on individuals’
invariant characteristics, the change in unobservables for a student (𝜀𝑖1 − 𝜀𝑖0 ) must be
uncorrelated with the proximity to the subway network (𝑑𝑖1 − 𝑑𝑖0 ). This assumption could be
violated if, between the baseline and post-subway expansion periods, differential shocks on
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test scores could have affected students who would experience different magnitudes of
proximity to the subway network.
One way of relaxing the identifying assumption is to assume that the change in unobservables
affecting academic achievement is uncorrelated with the proximity to the subway network only
for students of similar baseline characteristics. To implement this assumption, in equation (3),
we control for several baseline characteristics of students. These controls allow the fixed effects
estimator to compare the outcomes of specific students not with the whole sample, but only
with those students with similar baseline characteristics. All regressions include the linear and
quadratic terms of continuous variables and dichotomous variables for discrete characteristics.
After controlling for these baseline characteristics, the empirical specification is as follows:
′
𝑦𝑖1 − 𝑦𝑖0 = (𝑑𝑖1 − 𝑑𝑖0 )𝛽 + (𝑔1 − 𝑔0 ) + 𝑥𝑖0
γ + (𝜀𝑖1 − 𝜀𝑖0 )

(𝑖 = 1, . . . , 𝑁),

(3)

′
where 𝑥𝑖0
is a vector that contains all previously mentioned baseline characteristics.3

A more general specification allows for the possibility that proximity to the subway network
has a heterogeneous effect on test scores depending on whether the school ends up nearer or
farther than a “walking” distance from the nearest subway station. To allow for such flexibility,
in the spirit of Gibbons and Machin (2005), we interact the distance from the subway network
with an indicator function that takes value one when the student’s school is at a maximum
threshold from the new subway stations and zero otherwise. We choose two kilometres as the
threshold distance by considering feasible walking distances to the nearest subway station (0–
3 km) and maximising the equation’s R-squared in 0.5 km grids. This distance ended up being
the same threshold (walking) distance used by Gibbons and Machin (2005) and Ahlfeldt
(2013). Defining the indicator function as ℎ𝑖𝑡 = 𝐼(𝑑𝑖𝑡 ≤ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒), where 𝐼(… )
equals one when the condition in parentheses is true and zero otherwise, we have
′
(𝑦𝑖1 − 𝑦𝑖0 ) = (𝑑𝑖1 − 𝑑𝑖0 )ℎ𝑖1 𝛽1 + (𝑑𝑖1 − 𝑑𝑖0 )(1 − ℎ𝑖1 )𝛽2 + 𝑥𝑖0
𝛾 + (𝑔1 −𝑔0 )
+ (𝜀i1 − 𝜀i0 )

(4)

In equation (4), 𝛽1 is the impact of proximity to the subway network on student test scores.
Equations (3.1) through (3.4) assume that the effect of proximity to the subway network (𝑑𝑖1 −
𝑑𝑖0 ) on academic achievement is linear (i.e. the marginal effect is the same for units which

′
Including 𝑥𝑖1
in the equation in first differences is equivalent to incorporating ℎ𝑖𝑡 𝑥𝑖𝑡′ in the levels equation
where ℎ𝑖𝑡 = 𝐼{𝑡 = 1} is an indicator function that takes value one during the first period, zero otherwise.
3
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experience a one or a ten-kilometre proximity). However, there are no theoretical reasons to
assume that such effect is linear. One way for allowing non-linear effects is to categorise units
according to their proximity. In this case, the time-differenced model that allows for non-linear
effects of proximity on test scores is:
′
(𝑦𝑖1 − 𝑦𝑖0 ) = ∑ 𝑐𝑗 ℎ𝑖1 𝛽1𝑗 + ∑ 𝑐𝑗 (1 − ℎ𝑖1 )𝛽2𝑗 + 𝑥𝑖0
𝛾 + (𝑔1 −𝑔0 ) + (𝜀i1 − 𝜀i0 )
𝑗

(5)

𝑗

In (5), 𝑐𝑗 are dummy variables, one for each of the 𝑗 non-reference categories of proximity.
Despite the controls for observables and time-invariant unobservables, equation (5) could still
be biased by time-variant unobservables. For example, if the lobbying power of a
neighbourhood organisation in Santiago improved in the early 2000s and this specific
neighbourhood association was effective in advocating bringing the subway close to the
community and improve the quality of schools, this could bias the estimates from equation (5).
To avoid such bias, we would need an (exogenous) shock that affected test scores only by
affecting the placement of the new subway stations (not through other channels; this is the
exclusion restriction of an instrumental variable).
The interpretation of the coefficient of interest in equation (5) is the intention to treat effect
for a national planner who has no control over associated investments. Local governments
decide most of the investments that could have occurred around the new stations such as
improvements to parks, streets, and lighting. Local governments in Chile are elected separately
from the central government, so the decisions of the former are autonomous concerning the
decisions of the latter. The local governments partly decide other investments such as
commercial investment through each municipality’s land use planning and partly by the
private firms who decide their location. Although it would be interesting to explore whether
additional investment around the new subway stations is a relevant mechanism for the effect
of proximity to the subway network on student achievement, to our knowledge, there is no
dataset with the information of park improvements, commercial investment or other relevant
infrastructure investment in Santiago during the mid-2000s.
2.2.3. Instrumental variables
If the location of the subway stations inaugurated in the mid-2000s in Santiago was correlated
with changes in the same period in student outcomes, this would bias our estimates. Because
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of the spatial controls in column (4) of Table 2 and Table 3 (see Section 4.2 below), the
previously described bias would arise if the location of the new subway stations within each
municipality was correlated with changes in student outcomes. This correlation would occur
if, for example, neighbourhoods which were experiencing a decrease in material conditions
during the mid-2000s would be more effective than neighbourhoods which were experiencing
an increase in material conditions during the same period in lobbying mayors and the central
government to bring the subway route closer to them. Descriptive statistics in Table 1 (see
Section 4.1. below) show that students whose school experienced closer proximity to the
subway network were, on average, poorer and performed worse in academic terms relative to
students whose school did not experience closer proximity to the subway network during the
mid-2000s.
Redding and Turner (2015) survey three instruments currently used to overcome endogeneity
between the location of the transport infrastructure and the outcome variable. These
instruments are the planned route IV as in Baum-Snow (2007), Hsu and Zhang (2014), and
Michaels, Rauch, and Redding (2012); the historical route IV as in Duranton and Turner
(2012), Duranton and Turner (2011), and Duranton, Morrow, and Turner (2014); and the
inconsequential units approach. In consideration of Santiago’s public transport system
characteristics and the available data, we implement the inconsequential units approach.
The inconsequential units approach was pioneered by Chandra and Thompson (2000) when
examining the impact of highway construction on the level of economic activity of counties in
the USA. By focusing in non-metropolitan (rural) counties that received a highway after 1969,
the authors claim that the fact that these counties improve their connectivity to the highway
network is accidental and therefore there should be no correlation between unobservables of
these counties and the probability of improved connectivity.
To apply this approach to the setting of this research, we connect Puente Alto’s downtown (the
municipality in the south of Greater Santiago served by the new subway line) with a straight
line to the central business district (see Fig. 1). Assuming the neighbourhoods in the middle of
this straight line between both downtowns were ‘accidentally’ connected, we use proximity to
such path as an instrument for proximity to the actual route of the subway line that opened in
the mid-2000s. Then, we regress student performance on this quasi-experimental variation of
proximity to the subway network. In other words, we instrument the potentially endogenous
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regressor “proximity to the subway network” with the exogenous regressor “proximity to the
straight line between Santiago’s central business district (CBD) and Puente Alto Square”.
According to the studies which justified the creation of Santiago’s subway line 4, the purpose
of this line was to connect downtown Santiago with Puente Alto Square (Secretaría de
Planificación de Transporte de Chile and Metro de Santiago 2001). According to this same
study, Puente Alto was the fastest growing and largest (regarding population) municipality in
the Greater Santiago Area. If the purpose of the authority was to connect Puente Alto Square
with Santiago’s downtown, then one could argue that the closer proximity to the subway
network experienced by neighbourhoods between downtown Santiago and Puente Alto Square
was an unintended consequence from planner’s point of view. If this were true, one could also
argue that unobservable characteristics of the places that improved their connectivity to the
subway network are inconsequential to the choice of route for the new subway line in Santiago.
Exploiting this to solve a potential endogeneity between the placement of transport
infrastructure and the potential outcomes around this new infrastructure when identifying an
unbiased effect of transport infrastructure is what Redding and Turner (2015) have called the
“inconsequential units approach”.
<Fig. 1 near here>

3. Chile’s institutional context in education and data
Chile is an interesting place to study the effect of school accessibility on student outcomes for
several reasons. First, more than 50 per cent of schools in Santiago experienced an increase in
accessibility when a new 24-km subway line and six additional stations on an existing line were
inaugurated in 2005. Such large and discrete change in school accessibility is currently unusual
in OECD countries. Second, Chilean schools’ institutional context enables school accessibility
to influence student outcomes through changes in school enrolment. Chile’s educational system
allows families to choose any school within their budget constraint (i.e. there are no catchment
areas); in turn, changes in enrolment imply changes in schools’ income given a government
subsidy for public and private (voucher) schools which is proportional to the number of
students attending the school. Third, we have a detailed administrative individual panel dataset
with students’ test scores in Chile’s national standardised test (SIMCE) and Chile’s college
admission test (PSU) one year before, and one and three years after the inauguration of the new
subway stations in Santiago. The panel nature of the dataset enables us to control for students’
12

fixed characteristics and to avoid the contamination of our estimates with effects of changes in
school composition due to proximity to the subway network. We do this by considering as
treated population all students who attended treated schools during the pre-intervention period
(regardless of whether they remained in treated schools after the transport innovation). This
type of estimator has been called an intent-to-treat estimator (Little and Yau 1996).
3.1. Chile’s educational context
Since one relevant hypothesised channel for the impact of school accessibility on student
achievement is through interactions between schools via changes in school enrolment or
competition for teachers, it is relevant to describe Chile’s institutional context in education.
During the 2000s, the Chilean education system was structured as an educational market where
schools competed for greater student enrolment. In our sample in the Santiago urban area (the
area within 20 km of Santiago’s 2006 subway network) there were 1,435 schools in 2004. At
that time, 52%(742 schools) were administered by a private institution and received a perstudent subsidy from the government (‘voucher schools’), 35%(502) of schools were directly
administered by the local government (‘municipal schools’), and 13% (191 schools) were
administered by a private institution receiving no subsidy from the government (‘private
schools’).4
Since 1981 and during the 2000s, the Chilean school system was structured on four key
characteristics. First, the government subsidy for municipal and voucher schools was a per
capita sum proportional to student attendance. Second, voucher schools were enabled to select
students from the applying pool of students and could charge families an additional top-up fee.
Third, school entry was a relatively unregulated process with practically no administrative
barriers for new schools (Gallego and Hernando 2008). Fourth, families were free to choose
any school within their budget constraint (i.e. there were no catchment areas). Despite the nonexistence of catchment areas, the median distance between the residences of students in fourth
grade (primary) in 2002 and their school was 1.9 km (Gallego and Hernando 2009). Fifth, as a
cap on oversubscription, Chilean law mandated that the maximum class size could be 45
students. Oversubscribed municipal schools selected students using academic criteria, and
voucher and private schools used academic and other criteria. For instance, faith-based schools
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An additional 1% of schools (28) were run by Company Associations or private entities that administered
vocational schools.
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could consider the family’s religious participation, and international (e.g. British) schools could
consider a family’s cultural background.
Another relevant characteristic of Chile’s educational market is the schools’ funding
mechanisms. The income from the student-per-capita per-day-subsidy mainly determined
municipal and voucher schools’ budget constraints in Chile during the 2004-2006 period.
However, municipalities transferred resources from schools that were more profitable
(generally larger schools with good pupil attendance) to less profitable ones. Moreover,
municipalities could transfer resources from their general budget to their schools. Hence, the
budget constraint was softer in municipal schools than in voucher schools.
Another key characteristic of Chile’s school system is that primary education (“educación
básica”) ends in 8th grade, and secondary education (“educación media”) starts in 9th grade and
ends up in 12th grade. After 12th grade, students may pursue higher education degrees.
3.2. The transport system in Santiago and its major expansion in the mid-2000s
In the early 2000’s, the period before the expansion of Santiago’s subway network, the
transport network was crucial for most Santiago citizens’ daily activities. In 2001, there were
13.1 million trips taken in Santiago, 71 per cent of which were motorised (the rest of the trips
were made on foot) (SECTRA 2002). Of the motorised trips, 46 per cent of the trips were made
by bus, 41 per cent by car, 12 per cent by subway, and 11 per cent in a taxi or a shared taxi
(author’s estimates based on SECTRA [2002] data).
Therefore, the two main modes in Santiago’s public transport system in the early 2000s were
bus and subway. The subway network covered the densest part of the city regarding population
and was a fast and reliable transport system. The first three subway lines in Santiago (Lines 1,
2, and 5) were inaugurated between 1975 and 1997 and encompassed a 40.2-km railway
network (Agostini and Palmucci 2008). Fig. 1 shows a map of Santiago’s subway network in
2001, the pre-subway expansion period. This figure shows that Santiago’s subway network in
the early 2000s did not serve the population in the metropolitan periphery. This was especially
true for Santiago’s population in the city’s southeast, an area that would be served in the mid2000s by the green dotted line that ends in Plaza Puente Alto Station. The population in the
city’s southwest would be served in the early 2010s by the extension of the green line (Line 5).
As with any rapid transit system, Santiago’s subway system was fast because it was not subject
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to congestion. Also, Santiago’s subway had predictable wait times (with timetables being
adhered to) and was a safe means of transport.
By 2001, the bus network covered the whole city of Santiago including its metropolitan
periphery and had a high share of the city’s trips on public transport, but was subject to several
problems. It was slow during peak-times, had unpredictable waiting times, and was a dangerous
and relatively unpleasant means of transport (Gschwender 2005). Hence, though it was limited
in geographic coverage, the subway network had superior attributes relative to the bus network
regarding speed, safety, and quality of service.
At the beginning of 2001, there were two competing projects to extend Santiago’s subway
network. One alternative was to extend the subway network to Maipú (in Santiago’s
southwest); the other alternative, was to extend it to Puente Alto (in Santiago’s southeast)
(Radio Cooperativa 2001). Each of these two municipalities in the city’s metropolitan
periphery had a large population (around 500,000) not served by the subway network.
In May 2001, the Chilean government announced the construction of subway Line 4, a 24-km
subway line running from Providencia, located 5 km east of Santiago’s central business district,
to Puente Alto (see Fig. 1). In December 2001, the exact locations of the stations were
announced. The new subway line was inaugurated in two phases; the first in November 2005
and the second in March 2006. Before this date, many citizens living in Santiago's most
unserviced areas in the southeast of the city (Puente Alto) had more than four-hour round-trip
commutes each day to get to jobs and schools in the central business district. Also, the wealthier
part of the city (Providencia and Las Condes) located in the north-eastern part of the city. In
addition to this large expansion of the system, between September 2004 and November 2005
Line 2, which runs in the north-south direction, also experienced a (small) extension of the line
and the addition of six new subway stations.
The opening of the subway Line 4 to Puente Alto and the extension of Line 2 took place
between September 2004 and March 2006. This was the greatest expansion of Santiago’s
subway network since the 1970s and implied an increase in urban transport accessibility whose
impact on academic achievement we evaluate in this investigation.
In November 2005, Chile’s President Lagos announced the 14-km extension of subway Line 5
to Maipú (Atina Chile! 2005) This extension was inaugurated in February 2011. In section 4,
we use students who were benefited by the extension of Line 5 to Maipú as an alternative
control group and this extension itself as a ‘placebo experiment’ for Santiago’s subway
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expansion in the mid-2000s. One characteristic of this extension that makes it suitable is that
this was a proposed subway line in the early 2000s that was inaugurated after our postexpansion data (2006). Another characteristic is that the destination of both proposed subway
extensions, the municipalities of Puente Alto and Maipú, share similar characteristics regarding
their location in Santiago’s metropolitan periphery and their large population with limited
access to Santiago’s subway network during the early 2000s. These two facts provided the
mayors of Maipú and Puente Alto great bargaining power for lobbying the central
government’s authorities for the subway to pass through their municipalities.
3.3. Data
We use four main sources of data. First, Chile’s “Education Quality Measuring System” (in
Spanish, known under the acronym SIMCE) dataset contains an individual panel with test
scores in eighth and tenth grades for students who were in eighth grade in 2004. SIMCE is
Chile’s standardised test taken by the whole population of students in a certain grade. Both in
2004 (for eighth graders) and in 2006 (for tenth graders), the SIMCE test was taken in
November. This dataset contains language and mathematics test scores in both grades, as well
as eighth-grade social science and natural science test scores, and household income. SIMCE
is Chile’s standardised test that, during the period of study, was taken every year in fourth grade
and some years in eighth or tenth grades.
Second, we merged the “University Selection Test” (in Spanish, “Prueba de Selección
Universitaria” or PSU) scores with the SIMCE test scores at the individual level. The cohort
that took the SIMCE test score in tenth grade in December 2006 took the PSU test in January
2009. To make the name of the tests more intuitive, we will call this latter test the “PSU 2008”
test.
Third, we then merged the SIMCE and PSU test information with the schools’ georeferenced
addresses and other administrative information such as the schools’ type of administration
(municipality, municipal corporation, voucher and private school). To obtain the schools’
locations, we normalised and geocoded the schools’ addresses from Chile’s Ministry of
Education (publicly available) 2004 and 2006 archive.
Fourth, we use the addresses of each subway station in Santiago. The pre-expansion subway
network includes those stations that were inaugurated before the date of the baseline test (this
is, on or before October 2004). The post-expansion subway network includes the pre-expansion
subway network and all the subway stations inaugurated on or before the beginning of the
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academic year in 2006 (this is, between November 2004 and March 2006). Using Ozimek and
Miles’ (2011) traveltime command in Stata which connects to Google Maps, we found the
walking distance between every school in Santiago and its nearest subway station5.

4. Results
4.1.

Descriptive statistics

Table 1 shows summary statistics for students in control and heavily treated (henceforth,
treated) schools in urban Santiago. The students in the control sub-sample are those whose
school in eighth grade would experience null closer proximity to the subway network due to
the subway station openings in the mid-2000s and whose school was farther than two
kilometres from the subway network. On the other hand, the students in the treated sub-sample
are those whose school in eighth grade would be in the fourth quartile of closer proximity to
the subway network due to the subway station openings and ended up closer than two
kilometres from the subway network. These subsamples are the treated and control groups of
our preferred specification (in Table 3). The eighth-grade pre-intervention average SIMCE test
score of students in control (heavily treated) schools in urban Santiago was between 46–53 per
cent (16–18 per cent) of a standard deviation above the national mean. By contrast, the average
size of the class of students in eighth grade in control and treated schools are 35.3 and 39.1
students respectively.6
<Table 1 near here>
The median of the disposable household income in 2004 USD is higher in the control
subsample (USD 13,776 per year) relative to the treated subsample (USD 10,824 per year).
Voucher schools represent 31.1 percentage points higher proportion in the treated subsample
compared to the untreated subsample.
Conversely, private schools represent an 11 percentage point higher proportion in the untreated
compared to the treated subsample. These differences highlight the relevance of controlling for
differential test score trends for different socioeconomic groups and the type of school in our

5

Currently, the command traveltime for Stata is not available. Alternatively, this same calculation may be done
with ArcGIS’s Network Analyst tools.
6
The average size of class is measured using the registry of students who took the SIMCE test in 2004.
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preferred specification in Section 4.3. Also, the average minimum school–subway network
distance in 2004 was substantially lower for control schools compared to treated schools (4.3
km and 9.2 km respectively). The average closer proximity experienced by students in treated
schools was 8.2 km.
Also, Table A1 (see Appendix) shows that in the cross-section, proximity to the subway
network is not associated with lower or higher test scores. In the next sections, we explore
whether causal estimates are consistent with the cross-section estimates.
4.2.

Fixed effects estimates

In this section, we analyse the impact of school accessibility on student outcomes using
empirical specifications (2), (3) and (4) and accounting for identification issues in the ways
discussed earlier. While in section 4.2.1 we show the short-term effects of proximity to the
subway network on student achievement using the variation in individual test scores between
2004 and 2006, in section 4.2.2 we show the long-term effects, using the variation in individual
test scores between 2004 and 2008.
4.2.1 Short-term effects
Fig. 2 depicts the difference in academic performance between after and before the subway
expansion (SIMCE tests in 2006 minus 2004) linking students to their school in the period
before the subway expansion. This “heat map”, where a lighter colour means worse academic
performance after the subway expansion, shows that the new subway stations (especially the
ones in the city’s south-east, seem to have a negative effect on test scores.

<Fig. 2 near here>
What happens if we control for observed characteristics before the subway expansion such as
initial performance in other areas such as language, household income, school’s type of
administration, municipality and proximity to the pre-expansion subway network? Fig. 3
depicts the residual of a regression that controls for all these characteristics. This figure shows
that, once we control for baseline characteristics, the area where students experienced a
worsening in their test scores after the subway expansion seems even more concentrated around
the new subway station relative to the map in Fig. 2.
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We now explore whether the visual patterns in Fig. 2 and Fig. 3 are consistent with the results
from regression analyses. Controlling for unobserved fixed school characteristics such as
students’ ability and families’ socioeconomic status, better accessibility to schools is associated
with worse student outcomes in the short-term (one year after the opening of subway stations).
Recall that in the empirical specification depicted in equation (2) we assume a linear and
homogeneous effect of proximity on mathematics test scores regardless of the final school–
subway distance. The coefficient on proximity in column (1) in Table 2 (–1.186) suggests that,
for each kilometre of closer proximity to the subway network, the average school test score
worsens by 1 per cent of a standard deviation. After accounting for differential school trends
depending on school pre-treatment characteristics (size of each school’s eighth grade cohort,
mathematics, language, natural and social science SIMCE average score, income category of
each household, and the student’s school type of administration), the coefficient on proximity
in column (2) in Table 2 (–1.289) does not change significantly in magnitude.7
<Table 2 near here>
The estimates in columns (3) and (4) correspond to the model specified in equation (4). This
specification allows for heterogeneous effects of proximity on test scores depending on
whether the distance between the school and the post-treatment subway network is less-orequal or more than 2 km. The coefficients on proximity in column (3) in Table 2 for schools at
a distance both smaller-or-equal and larger than 2 km are of the same significance and similar
magnitude (–1.288 and –1.291 respectively). This result suggests that the effect of proximity
on mathematics test scores is homogeneous for students whose school ended up within walking
distance (two kilometres) and farther than at a walking distance from the nearest subway
station. Once we add spatial controls (42 dummy variables, one for each non-reference
municipalities interacted with the four types of school administration and 12 dummy variables
for each kilometre from the pre-treatment subway network), the proximity effect on
mathematics test scores for schools that ended up within walking distance from the nearest
subway station remains stable at –1.3 per cent of a standard deviation per kilometre (the
coefficient in column (4) in Table 2 is equal to –1.265). By contrast, the proximity effect for
schools that end up farther than 2 km from the subway network turns statistically insignificant
(coefficient equal to –0.910).

7

An ad-hoc t-test shows that the difference between both coefficients is not statistically significant.
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When estimating equation (4) for obtaining the results in Table 2, we assume that the effect of
the treatment (proximity) on test scores is linear. An alternative way to analyse the results is to
allow for non-linear effects of proximity on test scores (still under a student-fixed-effects
framework). Equation (5) allows for non-linearities by using categories of proximity as
treatment variables. In Table 3, column 1, we use five categories, with approximately 360
schools in each group. Students in the first category are those whose school did not experience
closer proximity to the nearest subway station after the 2005 subway expansion (667 schools;
46 per cent of all schools). The other four categories are formed by dividing those schools that
experienced closer proximity into quartile groups. To be precise, the five categories of
proximity are (1) null, (2) between 0.1 and 1.6 km inclusive, (3) between 1.6 and 2.3 km
inclusive, (4) between 2.3 and 4.7 km inclusive, and (5) more than 4.7 km.8 In the regressions,
the first category is the reference category.
Non-linear estimates suggest that the causal effect of a large school–subway proximity (larger
than 4.7 km) for students in schools that ended up at a maximum distance of 2 km from the
subway network is to worsen test scores in a policy-relevant way (see Table 3).
<Table 3 near here>
As in Table 2, the specification in Table 3, column (1), allows for heterogeneity in the treatment
effect. We allow such heterogeneity by interacting the proximity categories with the distance
from the new subway stations. The size of the coefficient on the fifth category of proximity in
column (1) is –11.14. The interpretation of this coefficient is the treatment effect for students
in schools nearer than 2 km from the new subway stations that experienced closer proximity
larger than 4.7 km. Hence, controlling for all relevant covariates, test scores of students who
before the inauguration of the new subway stations were in the latter group of schools worsened
in 11.2 per cent of a standard deviation compared to students in schools that did not experience
closer proximity to the subway network.
By contrast, on average, students in schools that ended up farther than 2 km from the new
subway stations and experienced large distance-to-the-subway-network reductions did not
experience a significant change in their test scores after the inauguration of the new subway
stations.

8

Google maps approximates distances to 100 m.
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As an alternative specification, and to confirm our results, we choose as a control group one
that could be considered a placebo treatment. This is those students in schools that would get
significantly closer to the subway network and ended at a walking distance to it because of the
opening of a subway line to Maipú in Santiago’s south-western area in 2011. As we describe
in detail in Section 3.2, in 2001, a potential subway line route to Maipú was competing with
the line to Puente Alto for the central government’s funding. Maipú is similar to Puente Alto
insofar both municipalities are in the periphery of Santiago, had large populations (around
500,000), and their populations had limited access to the subway network in the early 2000s.
More specifically, we choose as a control group the students in schools nearer than 2 km from
the potential subway line to Maipú and that experienced closer proximity to the subway
network larger than 4.7 km and as a treated group the students in schools closer than 2 km from
the post-expansion subway network who at the same time experienced substantially closer
proximity to the subway network (in the fourth quartile, this is larger than 4.7 km).
Table 3’s column 2, shows that the result in Table 3’s column 1 is robust to changing the
definition of the control group to the group that would have been treated had the subway
network expanded to Maipú in the 2000s. The effect of the treatment with both definitions of
the control group is approximately –11 percentage points of a standard deviation. When we run
both specifications simultaneously using seemingly unrelated regressions the difference
between the two coefficients is not statistically significant.
4.2.2 Long-term effects
A relevant question is whether the negative effect of proximity to the subway network is only
a short-term effect or whether this effect persists or increases in the long-term. We explore this
using PSU test scores a standardised test used for higher education admission in Chile. With
the SIMCE 2004 and PSU 2008 test scores, we can estimate the long-term effect of the subway
expansion in the mid-2000s. Using the same strategy used in the short-term estimation, we use
as a post-treatment variable the mathematics test scores in PSU 2008. Table 4 shows that the
effect of proximity to the subway network on academic achievement in the long-term (three
years after the opening of the subway stations) is positive but non-significant.
<Table 4 near here>
To show some evidence that this non-significant result is not due to selection (note that the
sample size dropped from 67,026 observations in Table 3 to 49,620 in Table 4), we re-run the
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results in Table 3’s column (4) using Table 4’s sample size. The results are still consistent with
the results in Table 3’s column (4) (see Table A2 in Appendix). As in the main analysis, we
also observe a negative short-term effect using Table 4’s sample.
4.3.

Heterogeneous effects depending on gender

We explore whether the effect of proximity to the subway network is heterogeneous for boys
and girls. The results in Table 5 shows that while there is a strong effect on boys, the effect on
girls is smaller in absolute terms concerning the effect on boys9. (While the effect on boys is –
1.8 percentage points of one standard deviation per kilometre of proximity to the subway
network—a coefficient of –1.764—the effect on girls is –0.8 p.p. of one standard deviation per
kilometre of proximity to the subway network.).
<Table 5 near here>
4.4.

The validity of an intent-to-treat estimator

An intent-to-treat estimator as the one presented in section 4.2 would be a valid estimator if a
“high” proportion of students that were going to be affected by the new subway stations
remained in a treated school throughout the studied period. Table 6 shows the probability that
a student that in 8th grade (2004) was in a school that would be affected by the new subway
stations would still be enrolled in a treated school during 2005, the year when most subway
stations opened. Controlling for all relevant covariates, this probability is 62% (a coefficient of
62.42) and is significant at conventional levels. Using a two-stage least squares estimation
approach, because the Kleibergen-Paap Wald F-statistic is large, the intent-to-treat estimator is
a valid estimator.
<Table 6 near here>
4.5.

Instrumental variables estimates

Table 7 shows the results of the instrumental variable (IV) estimates, using the straight line
between Tobalaba subway station and Puente Alto Square as the hypothetical non-endogenous
route joining the central business district and Puente Alto. These are the two end-stations in
Santiago’s subway Line 4. According to this specification, the effect of proximity to the
subway network on mathematics test score is –2.1 percentage points of a standard deviation

9

See results for nonlinear model in Table A.3 in the Appendix.
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per kilometre (coefficient of –2.116). Because the Kleibergen-Paap Wald F-statistic on the
first stage is 12.845, and this is larger than the Stock and Yogo (2005) weak identification
critical value for two endogenous regressors (assuming i.i.d. errors) and a 10% maximal IV
size that is 7.03, the instruments are relevant.10 (The instruments are proximity to the subway
network interacted with ending up closer and farther than two kilometres from the subway
network.)
<Table 7 near here>
Using Wooldridge’s (1995) robust score test and a robust regression-based test to compare the
two-stage-least square and OLS results yields that the “treatment” variable—proximity to the
nearest subway station interacted with walking distance to such network—is exogenous. The
p-value in both tests is larger than 0.05. Because OLS is more efficient than IV estimators
(Greene 2017), we continue using OLS rather than IV methods.
4.6.

Robustness analysis

Robustness to a pre-existing test score trend correlated with future subway lines: placebo
subway line
The common trends assumption would be violated if an unobserved shock between the presubway expansion and post-subway expansion tests would affect the academic achievement of
treated and control students in different magnitudes. For example, during 2006, secondary
school students in Chile carried out the largest student demonstrations in Chile’s last three
decades (BBC News 2006). During 2006, almost 800,000 secondary students in Chile used
strikes and demonstrations as a way of demanding a better quality of schools. The strikes, some
of them lasting for months, may have had a significant effect on academic achievement. On the
other hand, most of the new stations that opened in the mid-2000s were located along the main
streets. Hence, if the proportion of students participating in strikes in a school is correlated
with the distance between the school and the nearest main street, the student strikes, and
demonstrations in 2006 could have biased our estimates.
A placebo experiment may falsify the previous concern. The potential subway line to Maipú,
described in Section 3.2 on Santiago’s transport system, in 2001, was competing with the line

10

The Kleibergen-Paap Wald statistic is a heteroskedasticity-robust multivariate analogue to the first-stage F
statistic (Kleibergen and Paap 2006).
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to Puente Alto for the central government’s funding. Because the line to Maipú was not built
at the time, we use it as a placebo subway line. For a similar use of placebo transit routes see,
for example, Donaldson (2018) in the context of railroads in colonial India.
Table 8 shows that the coefficients of our preferred specification are non-significant. Hence,
there is no evidence that unobserved shocks like the student demonstrations affected treated
students differently from control students and, thus, could be driving the significance of the
main results (Table 2 column (4)).
<Table 8 near here>
4.7.

Mechanisms

The school–subway network proximity could affect student test scores through at least three
mechanisms: class size, student turnover, and peers effect. We find that the reduction in
school–subway network distance increased the number of students per class and school
turnover, which is consistent with previous results (Krueger and Whitmore 2001; Banerjee et
al. 2007; Gibbons and Telhaj 2011; Lavy and Sand 2012).
First potential mechanism: the number of students
First, schools that experienced large reductions in school–subway network distance could have
received more students due to better accessibility after the inauguration of the subway stations
compared to schools that did not experience such accessibility improvement. This, in turn,
leads to an increase in the student–teacher ratio and to disruption for non-moving students in
the treated schools. Both factors are associated with worse test scores. For example, Krueger
(1999) finds that smaller classes have a positive effect on student performance and Gibbons
and Telhaj (2011) find a negative effect of pupil mobility and school disruption on test scores.
Krueger and Whitmore (2001) find that a decrease in class sizes from 22–25 students to 13–17
students in the Tennessee STAR project improved test scores taken twelve years after the
beginning of the intervention by 13 per cent of a standard deviation. In related research using
teacher/student ratios as a key variable, using data from India, Banerjee et al. (2007) find that
having an additional teacher in a class improved test scores by 10 per cent of a standard
deviation one year after the program was over.
Table 9 shows the effect of school–subway network proximity on the number of students per
cohort in each school using our preferred specification. The dependent variable is the number
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of students in tenth grade in each school in the post-treatment period (2006) minus the number
of students in tenth grade in the same school in the pre-treatment year (2004).
<Table 9 near here>
Panel B in Table 9 shows that schools that experienced substantially closer proximity to the
subway network due to the station openings in the mid-2000s had an average increase of eleven
more students in tenth grade compared to schools that did not experience proximity to the
subway network (coefficient of 11.44). Because the average number of students per cohort in
the treated group is 67.6, the 10th grade in treated schools experienced a 17% increase in
enrolment between 2004 (before the subway expansion) and 2006 (after the subway
expansion). Hence, there is evidence that one of the mechanisms through which proximity to
the subway network affected test scores negatively is via an increase in the number of students
per grade in the treated schools compared to the number of students per grade in the control
schools.
Second potential mechanism: school turnover
The loss of friendship networks and social ties between students due to student turnover may
negatively affect academic outcomes (Lavy and Sand 2012; Gibbons, Silva, and Weinhardt
2017). Lavy and Sand (2012) find that the presence of reciprocal friends in middle school (7th
grade) in Israel has a positive effect on test scores in English, math and Hebrew. Hence, this is
evidence that the loss of students’ social networks in school has a negative impact on academic
achievement.
If student turnover increased more in treated (i.e. those that experienced closer proximity to the
subway network) than in control schools, student turnover could be another mechanism through
which proximity to the subway network could have affected academic achievement. To test
this mechanism, we calculate the school turnover between 8th and 10th grade as the proportion
of new classmates that each student had in 2006 (10th grade) concerning the classmates in 2004
(8th grade).
Table 10 shows the effect of proximity to the subway network on school turnover. When
proximity to the subway network is constrained to have a linear relation with school turnover,
the effect is non-significant (coefficient of 0.638). However, in a more flexible specification,
using several dummies for the different quintiles of proximity to the subway network, the effect
of the latter variable on school of turnover for heavily treated students (in schools that
25

experienced more than 4.7 km of proximity and ended up closer than 2 km from the subway
network) is 9.5 percentage points more of new classmates between 2004 and 2006 with respect
to students in the control group. This indicates that school turnover may be one of the
mechanisms through which proximity to the subway network affects educational outcomes.
<Table 10 near here>
Out of 2.604 schools with primary education in Santiago in 2004, a 66% offered secondary
education. Because—as mentioned in section 3—primary education in Chile ends in 8th grade,
while students in control schools without secondary education experienced a school turnover
of 95% between 8th and 10th grade, students in control schools with both primary and secondary
education experienced a school turnover of 50% during the same period. Because of these
large differences in turnover, we explore a potential heterogeneous effect of proximity to the
subway network depending on whether the student’s primary school in the pre-intervention
period offered secondary education. The specification in Table 10’s panel C allows for a
heterogeneous effect of proximity to the subway network on test scores, depending on whether
the students’ school offered secondary education. The results show that the effect of proximity
to the subway network on school turnover is heavily driven by students who attended schools
that offered secondary education. The effect is 12.47 percentage points of additional school
turnover between 2004 and 2006 relative to students in the control group. This is consistent
with the increase in the number of students per cohort in treated schools due to proximity to
the subway network. In the case of schools with secondary education, an increase in the number
of students per cohort goes hand-in-hand with an increase in school turnover.
Third potential mechanism: peer effects
A third mechanism through which proximity to the subway network could have affected test
scores is through changes in peers experienced by treated individuals. Despite the debate about
peer effects is still controversial, in the last years some researchers have concluded that there
is a negative effect of low-ability students on their peers (see, for example, Neidell and
Waldfogel (2010); Lavy, Paserman, and Schlosser [2011], Lavy, Silva, and Weinhardt [2012],
Burke and Sass [2013]). In particular, Lavy, Paserman, and Schlosser (2011) find that having
lower-achievement classmates has a negative effect on student outcomes and pedagogical
practices.
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Peer effects could be a relevant channel if, due to the opening of the subway stations, treated
students had peers of lower academic achievement or lower ability between the baseline and
endline tests relative to the scenario in the absence of the subway expansion. We find that
proximity to the subway network has no impact on the difference in the ability (proxied by the
test score of their school in 8th grade) of peers of students in 11th grade after the subway
expansion (2005) relative to the ability of peers of the same cohort in 9th grade before the
subway expansion (2003; see Table A4 in Appendix). Hence, there is no evidence that the
effect of proximity to the subway network on test scores is due to peer effects.
Mechanisms in the long term
We evaluate whether the effect of proximity to the subway network on the relevant mechanisms
keeps taking place in the long term. The dependent variable in Table 11, column (1), is the
number of students in twelfth grade in each school in the post-treatment period (2008) minus
the number of students in twelfth grade in the same school in the pre-treatment year (2004). It
shows that three years after the opening of the new subway stations (2008) the effect of
proximity to the subway network on students per cohort is still positive. Panel B shows that
controlling for all relevant covariates, there were 14 more students in cohorts whose school got
more than 4.7 km closer to the subway network and ended up at a walking distance from the
closest subway station (coefficient of 14.2).
Similarly, column (2) in Table 11 shows that in 2008 the effect of proximity to the subway
network on school turnover between 8th and 12th grade was also still positive. Panel B shows
that controlling for all relevant covariates, students in heavily treated schools had seven
percentage points more new classmates relative to students in control schools (coefficient of
7.159).
<Table 11 near here>
The fact that in the long term (three years after the opening of the new subway stations), closer
proximity to the subway network still has a positive effect on the mechanisms, but no effect on
test scores, suggests that treated schools could have adapted to the increase in demand. One
potential adaptation is by increasing the number of sections to lower the teacher–student ratio11.
11

According to Treviño, Valenzuela, and Villalobos (2014), 45% of schools with secondary education in Chile
implement tracking based on academic performance in their sections.
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To evaluate this hypothesis, we estimate the effect of proximity to the subway network on the
number of sections per cohort between 2004 and 2006 (short term) and between 2004 and 2008
(long term). Column (1) in Table 12 shows that the short-term effect of proximity to the subway
network on the number of sections in 10th grade (between 2004 and 2006) was null. By contrast,
column (2) in Table 12 shows that the long-term effect of proximity to the subway network on
the number of sections in 12th grade (between 2004 and 2008) was positive. We believe that
this increase in the number of sections in 2008 was a response by treated schools to the increase
in demand. Hence, even though treated schools had more students per cohort, this was
counteracted by the creation of more sections that lowered the teacher–student ratio. This is
suggestive evidence that explains why the long-term effect of closer proximity to the subway
network was null.
<Table 12 near here>
Mechanisms for general equilibrium effects
The key coefficients in Tables 2 and Table 3 could be lower-biased (i.e. the unbiased effect
could be less negative than the estimated coefficients) if the control group would have been
“contaminated” by the opening of the new subway stations in the mid-2000s. One mechanism
for this potential contamination is through changes in the cohort sizes of the control group
because of the opening of the new subway stations. Table 13 shows the changes in the cohort
size of treated and control groups between before (2004) and after (2006) the opening of the
new subway stations. The coefficients in columns (1) and (2) (–3.882 and 6.619 respectively)
are not statistically significant. These coefficients suggest that the opening of the new subway
lines did not affect the control group’s cohort sizes. However, because there could have been
general shocks that could have offset changes in the control group’s cohort sizes group due to
the opening of the subway stations, the evidence in Table 13 is only suggestive evidence.
<Table 13 near here>

5. Summary and conclusions
The main purpose of this investigation is to establish whether proximity to the subway network
has an impact on academic outcomes. This is an important policy question because many
developing countries are investing resources in improving accessibility to schools either by
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building schools nearer communities or improving their urban transport networks. However,
the consequences of the previously mentioned investments in human capital accumulation have
often not been considered. To this aim, we study the effect of a subway network expansion in
Santiago de Chile in the mid-2000s on test scores.
This study carefully addresses the identification of the impacts of proximity to the subway
network on academic achievement in the short and long term. We use a detailed individual
administrative test score dataset with information before and after the transport innovation, and
thus avoid selection bias and changes in school composition by calculating an intent-to-treat
effect. To account for potential biases in our fixed effect estimates, we control for test score
differential trends in relevant dimensions. We also account for potential endogeneity between
the location of the new subway stations and academic achievement by exploiting the proximity
to the straight line between the central business district and the subway line’s destination. We
also carry out robustness checks to unobserved differential shocks to treated and control student
test scores. Finally, we explore the mechanisms through which proximity to a subway station
affected academic results and the heterogeneity of the effects on boys and girls.
Our main finding is that in the short term (one year) there is a large negative effect of proximity
to a subway station on test scores. Students in schools that experienced a significant increase
in proximity to the nearest subway station (of more than 4.7 km), and whose school ended up
at a walking distance from the subway network, experienced a negative effect in test scores of
11 per cent of a standard deviation compared to test scores of students in schools that did not
experience closer proximity to a subway station.
This negative effect is stronger for boys than for girls. The fact that proximity to the subway
network had a more negative effect on boys than on girls is related to Kling, Ludwig and Katz’s
(2005) finding. In the context of the Moving to Opportunity (MTO) field experiment, Kling et
al. conclude that girls gained more than boys regarding lower crime rates one to 3,5 years after
moving to a lower poverty neighbourhood.
We find two mechanisms that explain the negative short-term effect of proximity to a subway
station on test scores. First, we find evidence of an increase in the number of students in schools
that got significantly closer to the subway network. Second, we find evidence of an increase in
school turnover between 2004 and 2006 for students whose schools experienced significant
closer proximity to the subway network. This last mechanism is mainly concentrated in schools
that had both primary and secondary levels of education. Hence, in the short term, changes in
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proximity to the subway network plays a role in the access to education and student
performance.
In the long term (three years after the opening of the new subway stations), the negative effect
on standardised test scores disappears. This reconciles the short-term finding with the fact
that—as seen in Table A1 in the Appendix—in the cross-section, after controlling for
socioeconomic characteristics, proximity to the subway network is not associated with lower
academic achievement. However, there is abundant evidence that a fadeout-in-test-scores
effect may go hand-in-hand with relevant effects in adult outcomes (see, for example, Denim
[2009] or Elango et al. [2015]). We show evidence that the fadeout effect is driven by an
increase in sections in schools that experienced substantially closer proximity to the subway
network relative to schools that did not experience such change.
The results of this study imply that policymakers should consider that improvements in the
subway network may generate short-term negative effects on academic achievement. Because
the main mechanisms of these short-term effects are through increases in enrolment and school
turnover, education policymakers could plan contingency plans that may mitigate the negative
consequences. For example, school directors could be better prepared to hire more teachers in
cohorts where the pupil-teacher ratios increase dramatically.
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Tables
Table 1. Descriptive statistics of students in schools urban Santiago in the pre-intervention period.
Students in the control
Students in the heavily
sub-sample (school
treated sub-sample (school
experienced null closer
in the fourth quartile of
proximity and ended up
closer proximity and
farther than two
ended up closer than two
kilometres from the
kilometres from the
subway network)
subway network)
Mean
s.d.
Mean
s.d.
Number of schools
Number of students
Average standardised SIMCE 2004
scores
Mathematics

667

89

45,103

5.033

0.53

0.77

0.16

0.47

Language

0.46

0.64

0.16

0.38

Social Science

0.48

0.67

0.16

0.42

Natural Science

0.47

0.73

0.18

0.41

Average size of class

35.3

7.2

39.1

5.6

125.80

127.3

131.8

83.8

Average size of cohort
Median of the disposable household
yearly income (2004 USD)
Type of Administration
Municipal
Municipal Corporation
Voucher
Private
Average minimum school-subway
network distance in 2004 (km)
The proportion of students in schools at
a maximum distance of 2 km from the
2006 subway network
Closer proximity (km)

13776

10824

29.4%

45.5%

17.5%

38%

14%

34.7%

5.8%

23.4%

45.1%

49.8%

76.2%

42.6%

11.5%

32%

0.5%

7%

4.3

4.2

9.2

2.2

43.5%

50%

100%

0%

8.2

2.2

0

Notes: The pre-intervention and post-intervention years are 2004 and 2006 respectively. Test
scores are measured as z-scores standardised at the national level with a mean of zero and a
standard deviation of one. “Closer proximity” stands for “closer proximity to the nearest subway
station because of the subway expansion”. Statistics are at the student level and consider students
who took the SIMCE test in mathematics in 2004 and 2006. The sample is restricted to those
students in schools at a maximum distance of 20 km from the 2006 subway network with no
missing values in all the described variables.
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Table 2. The effect of school–subway proximity on mathematics test scores: linear model
(1)
(2)
(3)
(4)
As (2), plus
Dependent variable: individual change in
As (1) plus heterogeneity
As (3),
Basic
standardised test score 2004 to
school
in schoolplus spatial
model
2006
covariates
subway
controls
distance
-1.186***
-1.289***
Closer proximity (km)
(0.345)
(0.311)
-1.288***
-1.265***
Closer proximity (km) | distance ≤ 2 km
(0.272)
(0.456)
-1.291**
(0.490)

Closer proximity (km) | distance > 2 km

-0.910
(0.719)

Baseline characteristics
Number of students in the same school and grade
No
Yes
Yes
Yes
in (log)
Language, natural and social science quintile
No
Yes
Yes
Yes
Household income
No
Yes
Yes
Yes
School type of administration
No
Yes
Yes
No
Municipality x School type of administration
No
No
No
Yes
Closer Proximity to the pre-expansion subway
No
No
No
Yes
network
Observations
68,160
67,026
67,026
67,026
R-squared
0.002
0.021
0.021
0.033
Notes: The table reports regression coefficients and standard errors multiplied by 100 to give the % effect of a
one-km change in proximity to the subway network. The dependent variable is post-treatment (2006, 10th grade)
minus pre-treatment (2004, 8th grade) individual difference in standardised average language test scores; hence,
this is a fixed-effects estimate. Test scores are measured as z-scores standardised at the national level with a
mean of zero and a standard deviation of one. Regressions are run at the individual level. To get an intent-totreat effect, we assign students to their initial school even if the student changed school between initial and final
periods. There are 15 categories of household median income; these categories are calculated obtaining the
household median income in each school. Municipalities in the (urban) studied area are 42, and school type of
administration categories are four (municipal, municipal corporation, voucher and private schools). Proximity
to the pre-expansion subway network is a set of 12 dummy variables; one for each kilometre of closer proximity
to the closest subway station (plus an omitted category). Robust standard errors in parentheses clustered at the
municipality level in all regressions. Sample restricted to schools at a maximum distance of 20 km from
Santiago’s 2006 subway network. The largest closer proximity is 10.5 km. “Closer proximity” stands for “closer
proximity to the nearest subway station because of the subway expansion”. All regressions include an intercept
(not shown). *** p<0.01, ** p<0.05, * p<0.1.
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Table 3. The effect of school–subway proximity on mathematics test scores: nonlinear models
(1)
(2)
Dependent variable: individual change in standardised test
Control: reference
Control: Maipú (distance < 2
score 2004 to 2006
category
km; closer proximity>4.7km)
School-subway distance < 2 km
-11.14**
-11.51***
4.7 km< closer proximity
(4.913)
(1.447)
2.278
2.3 km< closer proximity ≤ 4.7 km
(3.362)
2.485
1.6 km< closer proximity ≤ 2.3 km
(4.259)
-2.339
0 km< closer proximity ≤ 1.6 km
(3.363)
-7.021
0-km closer proximity
(5.315)
School-subway distance > 2 km
-2.428
4.7 km< closer proximity
(3.142)
-5.988
2.3 km< closer proximity ≤ 4.7 km
(5.675)
-1.990
1.6 km< closer proximity ≤ 2.3 km
(4.179)
3.046
0 km< closer proximity ≤ 1.6 km
(2.278)
0
0-km closer proximity (reference category)
(0)
4,962
Observations
67,026
0.058
R-squared
0.034
Notes: As for Table 2. In column (1) the reference category is composed of students whose school did not
experience closer proximity to the subway network and whose school was always farther than two kilometres
from the closest subway station. In column (2), the reference category is composed of students whose school
would experience closer proximity larger than 4.7 km and would have ended closer than 2km from the closest
subway station had the subway line that was built to Maipú in 2011 would have been inaugurated in the mid2000s. “Closer proximity” stands for “closer proximity to the nearest subway station because of the subway
expansion”. Closer proximity categories are five: one zero-proximity school (reference) category and four
categories divided along quartiles of students in the non-zero proximity schools. The table reports regression
coefficients and standard errors multiplied by 100 to give the % effect of a one-km change in proximity to the
subway network. The dependent variable is post-treatment (2006, 10th grade) minus pre-treatment (2004, 8th
grade) individual difference in standardised average language test scores; hence, this is a fixed-effects estimate.
Test scores are measured as z-scores standardised at the national level with a mean of zero and a standard deviation
of one. Regressions are run at the individual level. To get an intent-to-treat effect, we assign students to their
initial school even if the student changed school between initial and final periods. Both columns include the
following predetermined covariates (measured on 2004, before the opening of the subway stations): sex of the
student, number of students in same school and grade (log), quintile group of baseline score in language, social
science, and natural science, household income, municipality interacted with school’s type of administration
(municipal, voucher, or private), proximity to the pre-expansion (2001) subway network. There are 15 categories
of household median income; these categories are calculated obtaining the household median income in each
school. Municipalities in the (urban) studied area are 42, and school type of administration categories are four
(municipal, municipal corporation, voucher and private schools). Proximity to the pre-expansion subway network
is a set of 12 dummy variables; one for each kilometre of closer proximity to the closest subway station (plus an
omitted category). Robust standard errors in parentheses clustered at the municipality level in all regressions.
Sample restricted to schools at a maximum distance of 20 km from Santiago’s 2006 subway network. The largest
proximity is 10.5 km. All regressions include an intercept (not shown). *** p<0.01, ** p<0.05, * p<0.1.

37

Table 4. The long-term effect of school-subway distance reduction on mathematics test scores: linear model
Dependent variable: individual change in standardised test score 2004 to 2008
Closer proximity (km) | distance ≤ 2 km

0.0508
(0.731)

Closer proximity (km) | distance > 2 km

-0.296
(0.917)

Observations
49,620
R-squared
0.127
Notes: The table reports regression coefficients and standard errors multiplied by 100 to
give the % effect of a one-unit increase in the key variable. The dependent variable is
post-treatment (2008, 12th grade) minus pre-treatment (2004, 8th grade) individual
difference in standardised average mathematics test scores. The regression controls for
the following predetermined covariates (measured on 2004, before the opening of the
subway stations): sex of the student, number of students in same school and grade (log),
quintile group of baseline score in language, social science, and natural science,
household income, municipality interacted with school’s type of administration
(municipal, voucher, or private), proximity to the pre-expansion (2001) subway network.
“Closer proximity” stands for “closer proximity to the nearest subway station because of
the subway expansion”. Details of the previously mentioned covariates: as for Table 3.
*** p<0.01, ** p<0.05, * p<0.1.

Table 5. Heterogeneous effect across gender: linear model.
Dependent variable: individual change in standardised test score 2004 to
2006
Closer proximity (km) | distance ≤ 2 km

-1.764***
(0.459)

Closer proximity (km) | distance > 2 km

-1.117
(0.830)

[Closer proximity (km) | distance ≤ 2 km] × female

1.006***
(0.185)

[Closer proximity (km) | distance > 2 km] × female

0.440
(0.411)

Observations

67,026

R-squared
0.033
Notes: The table reports regression coefficients and standard errors multiplied
by 100 to give the % effect of a one-unit increase in the key variable. The
dependent variable is post-treatment (2008, 12th grade) minus pre-treatment
(2004, 8th grade) individual difference in standardised average mathematics
test scores. The regression controls for the following predetermined
covariates (measured on 2004, before the opening of the subway stations):
sex of the student, number of students in same school and grade (log),
quintile group of baseline score in language, social science, and natural
science, household income, municipality interacted with school’s type of
administration (municipal, voucher, or private), proximity to the preexpansion (2001) subway network. “Closer proximity” stands for “closer
proximity to the nearest subway station because of the subway expansion”.
Details of the previously mentioned covariates: as for Table 3. *** p<0.01,
** p<0.05, *p<0.1.
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Table 6. Testing whether the intent-to-treat estimator is a valid estimator
Dependent variable: the student is enrolled in a treated school during the year
when the stations opened (2005)
The student is enrolled in a treated school during the year before the
stations opened (2004, ITT estimator)

62.42***
(13.52)

Kleibergen-Paap Wald F-statistic

21.309

Cragg-Donald Wald F-statistic

62,822

Observations

45,751

R-squared
0.809
Notes: The table reports regression coefficients and standard errors multiplied by
100 to give the % effect of a one-unit increase in the key variable. The Stock and
Yogo (2005) weak identification critical value for one endogenous regressor
(assuming i.i.d. errors) and a 10% maximal IV size is 16.38. This is the threshold
that should be compared with the Kleibergen-Paap Wald F-statistic. The regression
controls for the following predetermined covariates (measured on 2004, before the
opening of the subway stations): sex of the student, number of students in same
school and grade (log), quintile group of baseline score in language, social science,
and natural science, household income, municipality interacted with school’s type
of administration (municipal, voucher, or private), proximity to the pre-expansion
(2001) subway network. Details of the previously mentioned covariates: as for table
3, *** p<0.01, ** p<0.05, *p<0.1.
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Table 7. The effect of proximity to the subway network on mathematics test scores: instrumental variables.
Instrument: proximity to the subway network
Dependent variable: individual change in
considering proximity to the pre-treatment
standardised test score 2004 to 2006
subway line plus a straight line between
Tobalaba subway station and Puente Alto
Square.
Panel A: Two-Stage Least Squares
Closer proximity to the pre-expansion subway
network plus straight line between CBD and
Puente Alto Square (km) | distance ≤ 2 km
Closer proximity to old subway network plus
straight line between CBD and Puente Alto
Square (km) | distance > 2 km

-2.116***
(0.817)
-0.873
(0.904)

Panel B: First Stage
Closer proximity to the pre-expansion subway
network plus straight line between CBD and
Puente Alto Square (km) | distance ≤ 2 km
Closer proximity to old subway network plus
straight line between CBD and Puente Alto
Square (km) | distance > 2 km
Kleibergen-Paap Wald F-statistic

91.88***
(13.21)
85.96***
(14.74)
12.845

Cragg-Donald Wald F-statistic

2363.7

Observations

61,307

R-squared
0.028
Notes: The table reports regression coefficients and standard errors multiplied by 100 to give the %
effect of a one-unit increase in the key variable. The dependent variable in Panel A (the second stage
in the two-stage least squares regression) is post-expansion (2006, 10th grade) minus pre-expansion
(2004, 8th grade) individual difference in standardised average mathematics test scores. The
endogenous regressors in Panel A are proximity to the subway network for those schools that ended
up at a distance closer (farther) to two kilometres to the closest subway station. The instrument in Panel
A is Proximity to the pre-expansion subway network plus a straight line between Tobalaba station (in
Santiago's central business district) and Puente Alto Square. The dependent variable in Panel B is closer
proximity to the nearest subway station. The Stock and Yogo (2005) weak identification critical value
for two endogenous regressors (assuming i.i.d. errors) and a 10% maximal IV size is 7.03. We compare
this critical value with the Kleibergen-Paap Wald F-statistic. The regressions in both panels control for
the following predetermined covariates (measured on 2004, before the opening of the subway stations):
sex of the student, number of students in same school and grade (log), quintile group of baseline score
in language, social science, and natural science, household income, municipality interacted with
school’s type of administration (municipal, voucher, or private), proximity to the pre-expansion (2001)
subway network. Details of the previously mentioned covariates: as for Table 3. *** p<0.01, ** p<0.05,
* p<0.1.

40

Table 8. The effect of school–placebo subway proximity on mathematics test scores: linear model
Dependent variable: students in each 10th-grade cohort in
each school in 2006 minus students in 2003
0.303
Closer proximity (km) | distance ≤ 2 km
(0.559)
Closer proximity (km) | distance > 2 km

0.466
(0.655)

Observations
61,993
R-squared
0.033
Notes: The table reports regression coefficients and standard errors multiplied
by 100 to give the % effect of a one-unit increase in the key variable. In this
table, ‘placebo’ stands for ‘placebo subway network’. We exclude treated
students from this sample. Treated students are those whose school
experienced closer proximity to the subway network larger than 4.7 km and
ended up nearer than two kilometres from the subway network. The regression
controls for the following predetermined covariates (measured on 2004,
before the opening of the subway stations): sex of the student, number of
students in same school and grade (log), quintile group of baseline score in
language, social science, and natural science, household income, municipality
interacted with school’s type of administration (municipal, voucher, or
private), proximity to the pre-intervention (2001) subway network. “Closer
proximity” stands for “closer proximity to the nearest subway station because
of the subway expansion”. Details of the previously mentioned covariates: as
for Table 3. *** p<0.01, ** p<0.05, *p<0.1
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Table 9. The short-term effect of school–subway proximity on the size of each school’s cohort
Dependent variable: number of students in tenth grade in each school in the posttreatment period (2006) minus the number of students in tenth grade in the same
school in the pre-treatment year (2004)
Panel A: linear model
Closer proximity (km) | distance ≤ 2 km

1.186**
(0.465)

Closer proximity (km) | distance > 2 km

-0.803
(0.697)

Panel B: non-linear model
11.44**
School–subway distance ≤ 2 km |
Closer proximity > 4.7 km
(4.575)
0
School-subway distance > 2 km |
(0)
0-km closer proximity (reference category)
Observations
693
R-squared
0.148
Notes: Panel B’s specification includes the interactions between the dummy that
indicates whether the school ended up closer than two kilometres from the subway
network and five categories of closer proximity (null proximity and four quartiles of
non-zero closer proximity). Panel B only displays the coefficient for students in the
heavily treated sub-sample. The full set of coefficients of the previously mentioned
interaction is in Table A5 in the Appendix. The table reports regression coefficients
and standard errors multiplied by 100 to give the % effect of a one-unit increase in
the key variable. Regressions are run at the school level. The number of students in
each cohort uses data from Chile’s Student Registry (in Spanish, “Registro de
Estudiantes de Chile”). The regression controls for the following predetermined
covariates (measured on 2004, before the opening of the subway stations): quintile
of number of students in same school and grade in 2004 fixed effects, quintile of
average school score in language and mathematics in 2003 fixed effects, school type
of administration fixed effects, closer proximity to the pre-expansion subway
network fixed effects. Details of the previously mentioned covariates: as for Table 3.
“Closer proximity” stands for “closer proximity to the nearest subway station because
of the subway expansion”. *** p<0.01, ** p<0.05, *p<0.1.
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Table 10. The short-term effect of school-subway distance on school turnover
Dependent variable: school turnover between 2004 and 2006
(percentage points of new classmates)
Panel A: linear model
Closer proximity (km) | distance ≤ 2 km

0.638
(0.420)

Closer proximity (km) | distance > 2 km

-0.601
(0.612)

Panel B: non-linear model
School–subway distance ≤ 2 km |
Closer proximity > 4.7 km
School–subway distance > 2 km |
0-km closer proximity (reference category)

9.514***
(3.271)
0
(0)

Panel C: heterogeneous effect
School–subway distance ≤ 2 km |
2.327
(1.387)

Closer proximity > 4.7 km
Closer proximity > 4.7 km × secondary

12.47***
(2.798)

School–subway distance > 2 km
0
(0)
0-km closer proximity (reference category)
Observations
67,312
Notes: Panels B and C’s specifications include the interactions between
the dummy that indicates whether the school ended up closer than two
kilometres from the subway network and five categories of closer
proximity (null proximity and four quartiles of non-zero closer
proximity). Panels B and C only display the coefficient for students in
the heavily treated sub-sample. The full set of coefficients of the
previously mentioned interaction in Panel B is in Table A5 in the
Appendix. The table reports regression coefficients and standard errors
multiplied by 100 to give the % effect of a one-unit increase in the key
variable. The regression controls for the following predetermined
covariates (measured on 2004, before the opening of the subway
stations): sex of the student, number of students in same school and
grade (log), quintile group of baseline score in language, social science,
and natural science, household income, municipality interacted with
school’s type of administration (municipal, voucher, or private),
proximity to the pre-expansion (2001) subway network. Details of the
previously mentioned covariates: as for Table 3. “Closer proximity”
stands for “closer proximity to the nearest subway station because of the
subway expansion”. *** p<0.01, ** p<0.05, *p<0.1.
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Table 11. The long-term effect of school–subway proximity on the size of each school’s cohort and school
turnover
(1)
Cohort size 2008–2004

Dependent variable:
Closer proximity (km) | distance ≤ 2 km
Closer proximity (km) | distance > 2 km

Panel A: linear model
1.037**
(0.438)
0.0857
(0.563)
Panel B: non-linear model

(2)
School turnover between
2004–2008
0.425
(0.412)
-0.885
(0.663)

School–subway distance ≤ 2 km
14.20***
7.159**
Closer proximity > 4.7 km
(4.913)
(2.785)
School-subway distance > 2 km |
0
0
0-km closer proximity (reference category)
(0)
(0)
Observations
667
54,468
R-squared
0.195
0.523
Notes: The dependent variable in column (1) is students in each 12th-grade cohort in each school in 2008
minus students in 2004. Regressions are run at the school level. The number of students in each cohort uses
data from Chile’s Student Registry (in Spanish, “Registro de Estudiantes de Chile”). The dependent variable in
column (2) is the proportion of new classmates in 2008 relative to the classmates in 2004. This column reports
regression coefficients and standard errors multiplied by 100 to give the % effect of a one-kilometre increase in
closer proximity. Panel B’s specification includes the interactions between the dummy that indicates whether
the school ended up closer than two kilometres from the subway network and five categories of closer
proximity (null proximity and four quartiles of non-zero closer proximity). Panel B only displays the
coefficient for students in the heavily treated sub-sample. The full set of coefficients of the previously
mentioned interaction is in Table A5 in the Appendix. Column (1) controls for the following predetermined
covariates measured on 2004 (before the opening of the subway stations): quintile of number of students in
same school and grade in 2004 fixed effects, quintile of average school score in language, natural science and
social science in 2004 fixed effects, median monthly income per school in 2004 fixed effects, school type of
administration fixed effects, closer Proximity to the pre-expansion subway network fixed effects. Column (2)
controls for the following predetermined covariates measured on 2004: sex of the student, number of students
in same school and grade (log), quintile group of baseline score in language, social science, and natural science,
household income, municipality interacted with school’s type of administration (municipal, voucher, or
private), proximity to the pre-expansion (2001) subway network. Details of the previously mentioned
covariates: as for Table 3. “Closer proximity” stands for “closer proximity to the nearest subway station
because of the subway expansion”. *** p<0.01, ** p<0.05, *p<0.1.
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Table 12. The short and long-term effect of school–subway proximity on the number of sections
(1)
(2)
Number of sections in 2006 Number of sections in 2008
Dependent variable:
minus number of sections in minus number of sections in
2004 for tenth grade
2004 for twelfth grade
Panel A: linear model
Closer proximity (km) | distance ≤ 2 km
0.0242
0.0400***
(0.0175)
(0.0137)
Closer proximity (km) | distance > 2 km
-0.0333*
0.0146
(0.0183)
(0.0176)
Panel B: non-linear model
School–subway distance ≤ 2 km
0.193
0.520***
Closer proximity > 4.7 km
(0.160)
(0.110)
School-subway distance > 2 km |
0
0
0-km closer proximity (reference category)
(0)
(0)
Observations
726
659
R-squared
0.040
0.050
Notes: Regressions are run at the school level. The number of sections in each cohort uses data from Chile’s
Student Registry (in Spanish, “Registro de Estudiantes de Chile”). Panel B’s specification includes the
interactions between the dummy that indicates whether the school ended up closer than two kilometres from
the subway network and five categories of closer proximity (null proximity and four quartiles of non-zero
closer proximity). Panel B only displays the coefficient for students in the heavily treated sub-sample. The
full set of coefficients of the previously mentioned interaction is in Table A5 in the Appendix. The
regressions in both columns control for the following predetermined covariates (measured on 2004, before
the opening of the subway stations): quintile of number of students in same school and grade in 2004 fixed
effects, quintile of average school score in language and mathematics in 2003 fixed effects, school type of
administration fixed effects, and closer proximity to the pre-expansion subway network fixed effects. Details
of the previously mentioned covariates: as for Table 3. “Closer proximity” stands for “closer proximity to the
nearest subway station because of the subway expansion”. *** p<0.01, ** p<0.05, *p<0.1
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Table 13. Exploring contamination of the control group: cohort size as a mechanism for general
equilibrium effects
(1)
(2)
Dependent variable:
Control group’s average Treated group’s average
cohort size in 12th grade cohort size in 12th grade
2006
-3.882
6.619
(2.453)
(3.241)
2004 (reference category)
0
0
(0)
(0)
340
84
Observations
0.828
0.845
R-squared
Notes: Regressions are run at the school level. The number of students in each cohort is obtained data from
Chile’s Student Registry (in Spanish, “Registro de Estudiantes de Chile”). Columns (1) and (2) control for
the following predetermined covariates (measured on 2004, before the opening of the subway stations):
quintile of number of students in same school and grade in 2004 fixed effects, quintile of average school
score in language, natural science and social science in 2004 fixed effects, school type of administration
fixed effects, closer Proximity to the pre-expansion subway network fixed effects. *** p<0.01, ** p<0.05,
*p<0.1.
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Figures

Fig. 1. Santiago’s pre and post-expansion (2001 and 2007 respectively) subway network plus
straight lines to destination subway stations of the expansion in the mid-2000s (in red).
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Fig. 2. Smoothed difference in academic performance after (2006) minus before (2004) the
subway expansion
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Fig. 3. Smoothed difference in academic performance after (2006) minus before (2004) the
subway expansion controlling for baseline characteristics
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Appendix
Table A1. School–subway proximity and mathematics test scores 2004: cross-section.

Dependent variable: individual standardised test
score 2004.
Proximity (km)

(1)

(2)

(3)

Basic
model

As (1)
plus
school
covariates

As (2), plus
heterogeneity
in schoolsubway
distance

3.851**
(1.903)

0.302
(0.262)

Proximity (km) | distance ≤ 2 km

0.230
(0.273)

Proximity (km) | distance > 2 km

0.443
(0.319)

Baseline characteristics
Number of students in the same school and grade
No
Yes
Yes
in (log)
Language, natural and social science quintile
No
Yes
Yes
Household income
No
Yes
Yes
School type of administration
No
Yes
Yes
Municipality x School type of administration
No
No
No
Proximity to the pre-expansion subway network
No
No
No
Observations
93,798
91,581
91,581
R-squared
0.010
0.646
0.646
Notes: The table reports regression coefficients and standard errors multiplied by 100 to give
the % effect of a one-unit increase in the key variable. Covariates: as for Table 3. ***
p<0.01, ** p<0.05, * p<0.1

Table A2. The effect of school–subway proximity on mathematics test scores.
Restricted sample.
Dependent variable: individual change in standardized test score 2004 to 2006
Closer proximity (km) | distance ≤ 2 km

0.0508
(0.731)

Closer proximity (km) | distance > 2 km

-0.296
(0.917)

Observations
49,620
R-squared
0.127
Notes: The table reports regression coefficients and standard errors multiplied by 100 to
give the % effect of a one-unit increase in the key variable. Covariates: as for Table 3.
Sample restricted to the sample used in Table 4. “Closer proximity” stands for “closer
proximity to the nearest subway station because of the subway expansion”. *** p<0.01,
** p<0.05, * p<0.1.

50

Table A3. Heterogeneous effect across gender: nonlinear model.
Dependent variable: individual change in standardised
test score 2004 to 2006
School–subway distance ≤ 2 km
-16.09***
(4.067)
9.645***
(2.520)

Closer proximity > 4.7 km
[Closer proximity > 4.7 km] × Female
School-subway distance > 2 km

0
(0)

0-km proximity (reference category)

Observations
R-squared
Notes: The table reports regression coefficients and standard errors multiplied by 100 to
give the % effect of a one-unit increase in the key variable. Covariates: as for Table 3.
“Closer proximity” stands for “closer proximity to the nearest subway station because of
the subway expansion”. *** p<0.01, ** p<0.05, * p<0.1.

Table A4. The effect of school–subway proximity on the peers’ ability
Dependent variable: The test score of the school in 8th grade of peers
in 11th grade after the subway expansion (2005) minus the test score of
the school in 8th grade of peers in 9th grade before the subway
expansion (2003).
1.025
Closer proximity (km) | School–subway distance ≤ 2 km
(2.646)
Closer proximity (km) | School–subway distance > 2 km

2.801
(3.366)

Baseline characteristics
Municipality x Type of administration fixed effects
Yes
Proximity to the pre-expansion subway network fixed effects
Yes
Observations
1,028
R-squared
0.15
Notes: The table reports regression coefficients and standard errors multiplied by 100 to give
the % effect of a one-unit increase in the key variable. Regressions are run at the school level.
Covariates: as for Table 3. “Closer proximity” stands for “closer proximity to the nearest
subway station because of the subway expansion”. *** p<0.01, ** p<0.05, *p<0.1.
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Table A5. Coefficients on the full set of interactions between the walking distance dummy and the five categories of closer proximity
Table 9
Table 10
Table 11
Table 12
(1)
(2)
(1)
(2)
School-subway distance < 2 km
11.44**
9.514***
14.20***
7.159**
0.193
0.520***
4.7 km < closer proximity
(4.575)
(3.271)
(4.913)
(2.785)
(0.160)
(0.110)
-4.731
3.555
-7.661
1.913
-0.0976
-0.244
2.3 km < closer proximity ≤ 4.7 km
(5.029)
(3.374)
(5.309)
(3.384)
(0.157)
(0.200)
1.6 km < closer proximity ≤ 2.3 km

4.983
(4.019)

3.859
(3.599)

3.844
(6.091)

4.065
(3.772)

0.895*
(0.442)

0.0577
(0.173)

0 km < closer proximity ≤ 1.6 km

-2.155
(7.895)

3.141
(2.617)

-16.03**
(7.856)

1.773
(2.704)

-0.0684
(0.293)

-0.321
(0.220)

0-km closer proximity

-0.244
(6.793)

2.548
(3.435)

-8.966
(9.064)

0.972
(3.474)

-0.0344
(0.270)

-0.0402
(0.311)

4.7 km < closer proximity

-2.787
(4.942)

-3.538
(4.038)

4.749
(3.338)

-6.135
(3.786)

-0.0743
(0.114)

0.0910
(0.168)

2.3 km < closer proximity ≤ 4.7 km

1.968
(4.204)

-2.070
(4.276)

3.489
(4.678)

-3.158
(4.696)

-0.121
(0.137)

0.194
(0.148)

1.6 km < closer proximity ≤ 2.3 km

-13.27
(12.64)

6.294*
(3.240)

-12.01
(7.272)

4.991
(3.026)

-0.486*
(0.256)

-0.118
(0.258)

0 km < closer proximity ≤ 1.6 km

-11.00*
(6.100)

1.578
(3.317)

-8.748
(6.356)

1.253
(3.037)

-0.100
(0.186)

-0.299*
(0.176)

0
(0)

0
(0)

0
(0)

0
(0)

0
(0)

0
(0)

School-subway distance > 2 km

0-km closer proximity (reference category)

Observations
693
67,312
667
54,468
726
659
0.195
R-squared
0.148
0.574
0.523
0.068
0.050
Notes: Each column or group of columns shows the coefficients of the table specified in the column’s header. The dependent variable in each
table is as follows. Table 9: number of students in tenth grade in each school in the post-treatment period (2006) minus the number of students
in tenth grade in the same school in the pre-treatment year (2004). Table 10: school turnover between 2004 and 2006 (percentage points of new
classmates). Table 11’s columns (1) and (2): cohort size 2008–2004 and school turnover between 2004–2008 respectively. Table 12’s columns
(1) and (2): “number of sections in 2006 minus number of sections in 2004 for tenth grade” and “number of sections in 2008 minus number of
sections in 2004 for twelfth grade” respectively. School–subway distance For more details, see notes in each Table. *** p<0.01, ** p<0.05, *
p<0.1.
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