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1 Introduction

Governments spend more than $3 trillion each year on schools (World Bank

2022). Schools are immobile and serve students locally. But students are mobile and

bring their education wherever they choose to work. Human capital is portable. I

argue that mobility across space greatly amplifies the returns to education, which I

define as the wage gains from additional schooling. Consider, for example, a rural

Indonesian student who has invested heavily in computer programming skills. If this

educated student can migrate freely to Jakarta, then they have access to programming

jobs that reward their skills richly. Their returns to education are high. But if the

student must stay close to home, then such jobs may not exist. They are educated

but not compensated, and so their returns to education are low.

I pursue this example systematically with national socioeconomic data, quasi-

experimental variation from a large-scale school construction program, and a quan-

titative spatial equilibrium model that isolates mechanisms. My goal is to illustrate

how mobility affects the returns to education and, in turn, the aggregate and distri-

butional impacts of school construction at scale. My setting is Indonesia, where the

Sekolah Dasar Inpres program constructed nearly 62,000 new primary schools from

1973 to 1978. I measure education and wage outcomes four decades later with data

from the 2011 to 2014 waves of the National Socioeconomic Survey (Susenas).

I evaluate the Inpres program with a difference-in-differences approach, and I

find evidence consistent with my simple example. As in Duflo (2001), I estimate

program effects by comparing exposed (young) and unexposed (old) individuals born

in districts with high and low levels of school construction. I document positive and

significant effects on education and wages. I then consider effect heterogeneity by

labor market access, applying the market access approach of Donaldson and Hornbeck

(2016). I measure market access as proximity to high-wage urban markets, and I

estimate its interaction with the difference-in-differences variation. I instrument with

faraway variation to address the potential correlation between local market access

and economic shocks. I find that high market access roughly doubles the baseline

effects of the program. The rural Indonesian student is too far from Jakarta to access

high-paying programming jobs – even if they were to invest in programming skills –

and so Inpres schools have limited impact.
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I capture this intuition with a quantitative spatial equilibrium model in which

individuals pursue education, then migrate for employment. Education and migration

costs present frictions, and school construction decreases education costs. Individuals

supply human capital that firms use for production, subject to diminishing marginal

returns within locations. These diminishing returns act as a congestion force. Space

enters on three counts. First, individuals consider both local and non-local labor

markets. Mobility increases access to high urban wages, which raise the incentives to

invest in education. Second, schools have both local and non-local impacts. Rural

school construction may not lead to regional convergence, as rural students can leave

after graduation. Third, equilibrium wage rates clear labor markets in each location.

Markets are interdependent across locations and cannot be evaluated in isolation.

I estimate the model with the same data and identifying variation used to eval-

uate the Inpres program. Estimation is simple. I show that the model yields two

key moment equations, which I can estimate sequentially by linear regression. The

challenge is that education and migration enter as endogenous independent variables.

The solution is that difference-in-differences variation provides an instrument for ed-

ucation, while faraway labor market access provides an instrument for migration.

These instruments are sufficient for recovering all model parameters except for the

congestion parameter, which I instead calibrate with estimates from the literature.

Congestion is akin to a peer effect, and peer effects encounter a “reflection” problem

that makes identification challenging (Manski 1993).

My model-based approach has several advantages relative to the difference-in-

differences analysis, despite relying on the same identifying variation. Of course,

difference-in-differences avoids the structure and assumptions of the economic model.

But while difference-in-differences can only quantify net impacts, the model spec-

ifies mechanisms that allow me to decompose these impacts. While difference-in-

differences can only study the Inpres program as implemented, the model provides a

means to extrapolate from actual to hypothetical allocations of school construction.

And while difference-in-differences cannot identify equilibrium effects experienced by

the control group, as these effects difference out, the model features wage rates that

adjust in equilibrium for treatment and control groups alike. Drawing on these advan-

tages, I conduct two counterfactual exercises that highlight the impacts of mobility.

The first exercise finds that mobility accounts for roughly half of the aggregate
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gains achieved by the Inpres program. I isolate the direct effect of school construc-

tion by restricting students to their home locations. Most have low local returns to

education, and so Inpres schools increase aggregate output by only 3%. I then allow

for mobility, which has three effects: matching, motives, and market. The matching

effect is that individuals sort into locations where they are more productive. I mea-

sure it by allowing for mobility but holding education and wage rates fixed. Output

gains rise from 3 to 4%. The motives effect is that higher returns to education raise

investment in education. Allowing education to adjust but holding wage rates fixed,

output gains rise from 4 to 7%. The market effect is that diminishing marginal re-

turns to human capital reduce equilibrium wage rates. Allowing education and wage

rates to adjust, output gains fall from 7 to 6%. The total impact of mobility is thus to

raise output gains from 3 to 6%. Bryan et al. (2014) find large gains from matching

alone, but accounting for motives would raise them further, including in equilibrium.

The second exercise reveals a distributional tension. On one hand, the program

decreased wage inequality between rural and urban students by 4%. The program

expanded opportunities for less-advantaged rural students with high marginal returns,

thereby delivering large gains for rural students relative to urban students. On the

other hand, the program increased wage inequality between rural and urban regions by

9%. Rural students gain precisely by leaving to pursue high urban wages, contributing

to urban growth but not to rural growth. The policymaker concerned with regional

inequality must balance these opposing impacts. For Indonesia, regional convergence

has long been an explicit policy goal, including for the Inpres program. Indeed, I

invert the model to back our government preferences, and I find Inpres construction

to be consistent with an objective function that places equal weight on aggregate

output and regional equity.

In terms of policy, the first exercise suggests that a government can maximize

aggregate gains with a “big push” that combines school construction with transporta-

tion investments aimed at improving mobility. Greater mobility raises the returns to

education and thus the impact of educational infrastructure. At the same time, the

second exercise emphasizes the potential for “brain drain” as greater mobility en-

courages rural students to leave home. And while economists often prioritize people

over places, regional inequality may remain a salient concern for policymakers and

politicians. Aggregate gains come with distributional costs.

3



My main contribution is to show how mobility affects educational investment

at scale. I add endogenous education to a large literature, reviewed by Redding

and Turner (2015) and Redding and Rossi-Hansberg (2017), that uses quantitative

spatial equilibrium models to capture mobility. While this work largely focuses on

transportation infrastructure, I show how spatial concerns also apply to educational

infrastructure, and I provide new evidence on human capital formation in a spatial

setting.1 I also add geography and space to a literature that evaluates large-scale edu-

cational interventions. In comparison to Khanna (2023), Dinerstein et al. (2023), and

Fujimoto et al. (2024), who also study national educational policy, I underscore the

central importance of mobility and spatial heterogeneity for the returns on govern-

ment investment. A small set of papers works at a similar intersection. In comparison

to Agostinelli et al. (2024) and Eckert and Kleineberg (2024), who also apply spa-

tial frameworks to studying education, I offer a tractable framework that is identified

with quasi-experiment variation and a setting that allows me to evaluate the national,

long-run impacts of school spending.

Methodologically, I build most directly on Duflo (2001) and Bryan and Morten

(2019). The former highlights the Inpres variation, and the latter quantifies migration

frictions with a spatial equilibrium model.2 In combining the two, my approach

relates to a broader theme in empirical work that well-identified effects can inform

and distinguish between economic models, and that economic models can broaden the

external validity of well-identified effects (Nakamura and Steinsson 2018). Relative

to Bryan and Morten (2019), I endogenize education and use quasi-experimental

variation to estimate the model. Relative to Duflo (2001), I emphasize mobility and

use the model to analyze the long-run benefits of school construction. I quantify these

benefits for one of the largest school construction programs in history.

1 Recent examples for transportation include work on roads (Adukia et al. 2020, Fajgelbaum and
Schaal 2020, Milsom 2023, Balboni 2024, Gertler et al. 2024, Graff 2024, Moneke 2024), high-
ways (Allen and Arkolakis 2014, 2022, Faber 2014, Yang 2018, Alder 2023, Morten and Oliveira
2023), railroads (Donaldson and Hornbeck 2016, Donaldson 2018, Fajgelbaum and Redding 2022,
Hornbeck and Rotemberg 2024), railways (Heblich et al. 2020, Severen 2023), subways (Gonzalez-
Navarro and Turner 2018, Zárate 2024), and buses (Balboni et al. 2020, Tsivanidis 2023).

2 Duflo (2001) spurs further work on the Inpres program that includes Duflo (2004), Martinez-Bravo
(2017), Mazumder et al. (2019), Ashraf et al. (2020), Akresh et al. (2023), Bazzi et al. (2023).
Bryan and Morten (2019) builds on Hsieh et al. (2019) and lies within a broader literature on
selection into occupations (Roy 1951, Heckman 1974, Heckman and Sedlacek 1985, Keane and
Wolpin 1997) and migration (Dahl 2002, Kennan and Walker 2011, Moretti 2011, Young 2013).
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2 Program and Data

Indonesia’s Sekolah Dasar Inpres program built primary schools at national scale

in the 1970s. I describe the program and data. Appendix A provides additional detail

on data sources and construction.

2.1 Background

Inpres refers to the presidential instructions (Instruksi Presiden) that established

the Inpres program across two five-year development plans (Repelita). Repelita I fo-

cused on infrastructure investment from 1969 to 1974, and Repelita II placed addi-

tional priority on education from 1974 to 1979. The latter particularly emphasized

rural development and regional equity. Coupled with windfall oil revenues, these gov-

ernment priorities enabled school construction of unprecedented scale. The stated

goal was 62,000 new primary schools nationwide: 6,000 per year in 1973 and 1974,

10,000 per year in 1975 and 1976, and 15,000 per year in 1977 and 1978.3 The

program also funded teacher recruitment and compensation, as well as concurrent

improvements in water and sanitation systems. Large-scale investment in physical

infrastructure is typical of Indonesian development policy, with similar efforts for

roads (Gertler et al. 2024), healthcare (Hsiao 2022), and flood protection (Hsiao

2023, 2024).

The program targeted low-enrollment districts with an allocation rule aimed

at promoting regional equity. In 1973 and 1974, Inpres school construction was

allocated across districts in proportion to pre-program unenrollment rates among

children of primary school age. From 1975 to 1978, unenrollment was defined relative

to a 15% threshold. Districts with unenrollment rates below 15% received no new

schools, while those above 15% received new schools in proportion to how much

their pre-program unenrollment rate exceeded 15%. Appendix figure A1 shows that

school construction across districts is indeed proportional to child unenrollment rates

in the data. “Districts” refer collectively to rural regencies (kabupaten) and urban

municipalities (kota), each of which are subprovincial administrative units.

3 Inpres No. 10/1973, 6/1974, 6/1975, 3/1976, 3/1977, and 6/1978 document these goals.
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2.2 Treatment data

District-level data on Inpres school construction come from Duflo (2001), which

draws on Ministry of National Development Planning (Bappenas) reports from 1973

to 1978 and population census reports from 1971. I observe the number of Inpres

primary schools constructed from 1973 to 1978, Inpres water and sanitation spending

from 1973 to 1978, child populations in 1971, and child enrollment rates in 1971. The

data record planned school construction, which Duflo (2001) argues aligns well with

actual school construction.

I verify the data by consulting the original primary sources. For school construc-

tion, I use the Bappenas reports to correct a modest number of inconsistencies. For

child populations, I transcribe the census reports and again make limited corrections.

Children are defined as those of age 5 to 14. For child enrollment, I construct child

enrollment rates with a random sample of the census microdata. I draw total pop-

ulations from the census reports, and I take the water and sanitation spending data

as given in Duflo (2001). Appendix table A2 compares the resulting data to those in

Duflo (2001) and shows that the data remain similar.

I construct a measure of labor market access that captures proximity to cities.

Appendix figure A2 shows that human capital clusters in cities: districts with higher

population densities have higher levels of education and wages, controlling for province

fixed effects. This pattern of concentration suggests that urban areas offer higher

returns to human capital than rural areas do, and it motivates studying treatment

effect heterogeneity along this margin. For each district j in the set of districts J , I

use total population and land area to compute population density popdenj in 1971.

I use district centroids to calculate Euclidean distances distjj′ to all other districts

j′ in hundreds of kilometers. Labor market access is an inverse distance weighted

average of population densities across districts, and I take quadratic weights a = 2 as

baseline.

MAa
j =

∑
j′

popdenj′

(distjj′ + 1)a
. (1)

Districts with high labor market access either contain or are close to cities. Population

densities may be endogenous, and so I exclude own and nearby population densities

within b kilometers to isolate faraway variation, which will serve as an instrument. I
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Table 1: Treatment data

Mean SD Min Max N

Inpres schools per 1000 children 2.26 1.09 0.69 8.29 282

Inpres school construction 219 174 16.0 824 282
Population (1000s) 422 362 12.4 1,974 282
Child population (1000s) 114 97.9 3.80 542 282
Child enrollment rates 0.51 0.14 0.02 0.84 282
Log population density 5.06 1.96 0.04 10.1 282
Log market access 8.63 1.32 5.25 10.8 282

Each observation is one district. Columns show means, standard deviations, minima, maxima, and
the number of observations. Rows summarize the number of Inpres schools constructed from 1973
to 1978 and population and enrollment in 1971. Children are those of age 5 to 14. Market access
is an inverse distance weighted sum of 1971 population densities across districts. Data: Bappenas
reports (1973-78), census reports (1971).

take distance bands b = 50 kilometers as baseline.

MAab
j =

∑
j′

popdenj′

(distjj′ + 1)a
· 1(distjj′ > b) (2)

Table 1 summarizes the data. The average district received 219 new primary

schools from the Inpres program, yielding 2.26 new primary schools per 1,000 children

recorded in 1971. This measure is the main treatment variable. Child enrollment rates

in 1971 were low at 51% on average and did not exceed 84%. For the district with the

lowest level of child enrollment, only 2% of school-aged children attended school. The

data include districts with very high population densities in 1971, exceeding 24,000

people per square kilometer, as well as districts with far lower densities. The average

value in levels is 742 people per square kilometer. Labor market access is tighter in

distribution because it averages over population densities. Districts may themselves

be sparsely populated, but still have high market access based on proximity to densely

populated areas.

2.3 Outcome data

Individual-level data on socioeconomic outcomes come from the 2011, 2012, 2013,

and 2014 National Socioeconomic Surveys (Susenas). That is, I measure long-run out-
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comes four decades after the first Inpres schools were completed in 1974. The analysis

focuses on these long-run outcomes, but I use similar data from the 1976 Intercensal

Population Surveys (Supas) to define a pre-Inpres baseline for counterfactuals. Fol-

lowing Duflo (2001), I restrict attention to male individuals of age 2 to 24 in 1974.

These age groups correspond to individuals of age 39 to 64 in the Susenas data. I

observe districts of residence and birth, and I use the latter to determine exposure

to Inpres school construction. The underlying assumption is that individuals pursue

primary schooling where they are born. I adjust districts to 1973 boundaries for con-

sistency with the treatment data. I define migrants as those who reside outside of

their birth districts, and I code whether migration occurs across provinces or to urban

destinations. I compute Euclidean migration distances between district centroids.

The data record education. I observe the highest level of schooling attended

and the number of years within each level. I compute the years of schooling com-

pleted, counting primary school as six years, middle school as three, high school as

three, community college as two, and university as four. I pool vocational, religious,

and traditional schooling for middle school and high school. I subtract one from the

number of years attended if individuals report not having completed a given level of

schooling. Tertiary schooling is subject to measurement error, noting that community

college programs range from one to three years and that master’s and doctoral pro-

grams exceed four years. The baseline analysis takes twelve as the maximum years of

schooling to avoid this measurement issue, given that the impacts of Inpres primary

schools likely concentrate at lower levels.

The data also record wages. I measure monthly net wages from an individual’s

main job, inclusive of both money and goods, as well as hours worked in the past

week. I use these measures to compute log hourly wages. I define the employed

as those who report working as their primary activity in the past week. I observe

whether individuals work as employees, employers, own-account workers, or unpaid

family workers. I code employees as wage-employed and others as self-employed. The

data measure income for some of the self-employed, but appendix table A3 shows

these data to be incomplete. I therefore focus on wages in my analysis. Duflo (2001)

discusses the potential selection issue at length.

Table 2 summarizes the data. I observe large improvements in education and

wages. Years of schooling have doubled from 3.06 in the 1970s to 7.30 in the 2010s.
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Table 2: Outcome data

Supas 1976 Susenas 2011-2014

Mean SD N Mean SD N

Male 1.00 0.00 22,969 1.00 0.00 483,503
Age 48.4 6.98 22,969 49.5 6.48 483,503

Years of schooling 3.06 3.52 22,969 7.30 3.92 483,503
Years of schooling, wage > 0 4.95 4.24 6,237 8.79 3.69 164,046
Log hourly wages 7.96 0.93 6,237 9.12 0.88 164,046

Completed primary school 0.29 0.45 22,969 0.75 0.43 483,503
Completed middle school 0.11 0.31 22,969 0.44 0.50 483,503
Completed high school 0.06 0.23 22,969 0.31 0.46 483,503

Employed 0.89 0.32 22,969 0.91 0.29 483,503
Wage-employed 0.33 0.47 20,363 0.41 0.49 438,909
Self-employed 0.67 0.47 20,363 0.59 0.49 438,909
Weekly hours 43.3 15.6 20,363 42.7 15.9 438,909

Migrant 0.28 0.45 22,969 0.25 0.43 483,503
Provincial migrant 0.46 0.50 6,351 0.64 0.48 122,103
Urban migrant 0.79 0.41 6,351 0.60 0.49 122,103
Distance 400 634 6,351 572 623 122,103

Each observation is one male individual of age 39 to 64. Columns show means, standard deviations,
and the number of observations. Rows summarize demographics, including education and wages.
Schooling is years completed, both unconditionally and conditional on observing nonzero wages.
Wages are log hourly net wages in year-2011 Indonesian rupiah from an individual’s main job. The
employed are those who report working as their primary activity. Conditional on employment, I
observe if they are wage- or self-employed and their weekly hours worked. Migrants are those whose
districts of birth and residence do not coincide. Conditional on migration, I observe if they migrate
across provinces, if they migrate to an urban destination, and their distance migrated. Distances
are Euclidean and between district centroids. Districts are based on 1973 boundaries. Data: Supas
survey (1976), Susenas surveys (2011-14).

The data cover individuals of age 39 to 64 in each case. Wage earners have one to

two more years of schooling. Real wages have more than tripled: average (natural)

log hourly wages, as measured in year-2011 dollars, rise from 7.96 to 9.12. Log hourly

wages of 9.12 correspond to roughly $1 USD per hour based on year-2011 exchange

rates. By comparison, the World Bank used a threshold of $1.90 USD per day to define

extreme poverty in 2011. Completion rates for primary, middle, and high school have

increased by similar magnitudes, although high school completion remains low at 31%
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in the Susenas data.

Employment and migration outcomes are more stable over time. Employment

rates are around 90%. Among the employed, the wage-employment rate is 33 to 41%,

and average working hours are around 43 hours per week. There is meaningful migra-

tion at 25 to 28% of individuals, with most migrants crossing provincial boundaries

and migrating to urban destinations. The unconditional cross-province migration

rate is 13 to 16%. By comparison, the cross-state migration rate is 31% in the United

States, a high-income economy with presumably lower migration costs.4

3 Evaluation

I evaluate the long-run effects of the Inpres program with a difference-in-differences

approach. I focus on education and wages, and I document heterogeneity by labor

market access. Appendix B discusses additional outcomes and robustness.

3.1 Identification

As in Duflo (2001), I compare treated and control age groups in districts with high

and low levels of program exposure. The first Inpres primary schools were completed

in 1974. The treatment age group is individuals of age 2 to 6 in 1974, as they were

young enough to benefit from the program. The control age group is individuals of

age 12 to 17 in 1974, as they were too old to benefit. Age groups are thus analogous

to time in the typical difference-in-differences setting. Program exposure is given by

the intensity of school construction in a district. The regression specification is

Yijkt = αj + αk + αt + βSjTk +CjTkϕ+ εijkt (3)

for individuals i born in district j and age group k, as measured in survey year t. I

study how the interaction between program intensity Sj and treatment dummy Tk

affects outcomes Yijkt, controlling for birth district fixed effects αj, age group fixed

effects αk, survey year fixed effects αt, and birth district controls Cj. The error term

4 I use 2013 and 2014 American Community Survey data to compute American migration rates.
In doing so, I define migration as I do in the Indonesian context. Restricting attention to those
born in the United States, which I take to include the 48 contiguous states plus the District of
Columbia, I calculate the proportion of individuals residing outside of their state of birth.
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is εijkt, and I cluster standard errors by district of birth.

Coefficient of interest β captures the causal effect of Inpres program intensity.

Intensity is the number of Inpres schools constructed from 1973 to 1978 per 1,000

children in 1971. The identifying assumption is parallel trends in high- and low-

construction districts absent the program. I test this assumption with a placebo

experiment, comparing individuals of age 12 to 17 and those of age 18 to 24 in 1974.

Both groups were too old to benefit from Inpres school construction. Controls include

child populations in 1971, child enrollment rates in 1971, and Inpres water and sani-

tation spending from 1973 to 1978. The first and second controls address the concern

that Inpres schools were allocated as a function of these measures. That is, high- and

low-construction districts differed along these dimensions to begin with. The third

control addresses the concern that high-construction districts received concurrent in-

vestment in water and sanitation systems. These effects should not be attributed to

school construction.

I also consider treatment effect heterogeneity with respect to labor market access

MAj, as defined by equation 1.

Yijkt = αj + αk + αt + βSjTk + γMAjSjTk + δMAjTk +CjTkϕ+ εijkt (4)

Coefficient γ on the triple interaction term MAjSjTk captures treatment effect het-

erogeneity. I control for all two-way interactions. The original difference-in-difference

term SjTk is the common treatment effect, and the additional term MAjTk allows for

differential trends among districts with high and low market access. Birth district

fixed effects αj absorb the remaining two-way interaction MAjSj. To facilitate inter-

pretation, I estimate equation 4 with the z-score of market access. Coefficient β is

the Inpres effect for districts with average market access, while coefficient γ is the

added effect for districts with market access that is one standard deviation higher.

A potential concern is the endogeneity of market access. On one hand, I measure

market access with 1971 populations that predate Inpres school construction and

Euclidean distances that sidestep endogenous road networks. Neither quantity enters

the allocation rule or responds to the program, possibly lessening the endogeneity

concern. On the other hand, my measure of market access may still be correlated with

omitted variables. Own-district population density is one such confounder: positive
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economic shocks may attract migrants, affecting educational composition and wages

alongside population density and market access. If positive shocks are more likely in

urban areas, then I will misattribute these shocks to market access. Similar concerns

apply to nearby districts, as population densities and economic shocks may each be

spatially correlated. I thus turn to faraway variation, as in Donaldson and Hornbeck

(2016) and Jedwab and Storeygard (2022). I instrument for market access with the

faraway measure of equation 2, omitting both own- and nearby-district population

densities.5 In defining “faraway,” the trade-off is between exclusion and relevance.

The farthest districts are likely orthogonal to own-district unobservables. But market

access downweights these districts, and so they are also weak instruments.

3.2 Long-run effects

Inpres school construction in the 1970s improves education and wages in the

2010s. For education, table 3 shows that years of schooling rise by nearly 0.1 years

for each Inpres school per 1,000 children. The average district received 2.26 Inpres

schools per 1,000 children (table 1), yielding a total average effect of approximately

0.2 years of schooling. For the full sample of individuals, this effect is relative to a

control mean of 6.7 years. For the subsample of wage earners, I estimate an effect size

that is larger but nonetheless similar. The larger effect is relative to a larger control

mean. Although the subsample of wage earners is less than half of the full sample,

the similarity of the estimates provides some reassurance that sample selection does

not strongly bias the results. I will present both sets of estimates for all regressions

that take years of schooling as the outcome.

Appendix figure B1 presents effects on completion at each level. I estimate

impacts on dummy variables that encode whether individuals have completed one or

more years of schooling, two or more years, three or more years, and so on. Completion

of six, nine, and twelve years of schooling correspond to primary, middle, and high

school completion. Inpres effects are concentrated at the primary and middle school

levels. Each Inpres school per 1,000 children increases primary and middle school

completion rates by more than 1% each, implying increases of more than 2% for

the average district. These impacts are relative to control means of 69% and 37% for

primary and middle school completion. Inpres primary schools do not have significant

5 I instrument for MAjSjTk and MAjTk with MAb
jSjTk and MAb

jTk. MAb
j is as in equation 2.
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Table 3: Education and wages

Treatment Placebo

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.0847** 0.0994** 0.0256*** 0.00779 0.0366 -0.0108
(0.0356) (0.0385) (0.00943) (0.0291) (0.0486) (0.00926)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 264,307 98,413 98,413 222,194 59,727 59,727
Control mean 6.695 8.434 9.195 6.140 7.054 8.892

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
Treatment regressions compare individuals of age 2 to 6 versus 12 to 17, and placebo regressions com-
pare those of age 12 to 17 versus 18 to 24. Schooling is years completed, both unconditionally and
conditional on observing nonzero wages. Wages are log hourly net wages in year-2011 Indonesian ru-
piah from an individual’s main job. Inpres effects are coefficient estimates for difference-in-difference
term SjTk, given program intensity Sj for district of birth j and treatment dummy Tk for age group
k. I control for age group, birth district, and survey year fixed effects; child populations and enroll-
ment rates in 1971; and Inpres water and sanitation spending from 1973 to 1978. I cluster standard
errors by birth district based on 1973 boundaries. *** p < 0.01, ** p < 0.05, * p < 0.1. Data:
Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).

impacts on high school education.

For wages, table 3 shows that log hourly wages rise by nearly 0.03 log points

for each Inpres school per 1,000 children, with an effect size of nearly 0.06 log points

for the average district and a control mean of 9.2. These increased wage rates are

consistent with human capital gains from additional education. Appendix table B1

suggests that the effect is not instead driven by other margins of employment, as I

find no significant impact on overall, wage-, or self-employment status. I also find

no significant impact on weekly hours worked. Moreover, the lack of an effect on

wage employment is consistent with the similarity of the years of schooling estimates

between the full sample and the subsample of wage earners. Strong effects on wage

employment would otherwise induce stronger selection into the latter sample.

I obtain insignificant placebo estimates throughout. Table 3 estimates insignifi-

cant effects for education and wages, appendix figure B1 for educational completion,

and appendix table B1 for employment outcomes. The only exception is appendix
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table B2, where the placebo effect on migration is weakly significant at the 10% level.

Moreover, my long-run estimates are largely consistent with the medium-run es-

timates in table 4 of Duflo (2001). My estimates for years of schooling are roughly

half as large, although they remain positive and statistically significant. The discrep-

ancy seems to arise from the 2011-14 Susenas data. Appendix table B3 replicates

Duflo (2001) with 1995 Supas data and my baseline specification, with magnitudes

squarely within the range presented in Duflo (2001). Although I follow the same age

cohorts in both cases – those of age 2 to 24 in 1974 – differences may arise because

the Susenas surveys require recall of educational attainment at a much later date.

The Supas and Susenas surveys also differ in frequency, scale, and intention.6 My

estimates for log wages are on the higher end of Duflo (2001), but it is natural to

expect different wage effects later in the life cycle. Taken together, smaller education

and larger wage effects may imply larger returns to education in my long-run dataset.

3.3 Labor market access

Inpres school construction has stronger education and wage effects for districts

with high labor market access. Intuitively, high market access increases the pool of

job opportunities and thus the returns to education. Conversely, low market access

limits the pool of opportunities, and so schooling has low returns – even if Inpres

construction makes schooling more available. Table 4 estimates this interaction, with

market access in z-score units, and finds it to be large and statistically significant. I

obtain similar but slightly larger estimates with the IV specification, which I take as

my baseline. I find the interacted effects to be as large as the mean effects.7 Increasing

market access beyond the mean by one standard deviation leads to a doubling of the

Inpres effects. That is, individuals born in districts with high labor market access

benefit most from Inpres school construction. In targeting these districts, the program

6 Supas is decadal – five years after each census – while Susenas is annual. Supas 2015 included
652,000 households, while Susenas 2014 included 143,000. Supas targets population counts across
districts, while Susenas targets socioeconomic conditions and how they change over time. I also
note that the most direct comparisons are to columns 3 and 6 in table 4 of Duflo (2001). These
columns include the full set of controls, as I do for all of my specifications.

7 I estimate mean effects that are themselves larger than those in the uninteracted regressions of
table 3. Indeed, market access is right-skewed, and so a district with mean market access remains
proximate to major labor markets. The larger magnitudes are well in line with those in Duflo
(2001), although I again estimate stronger wage effects.
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Table 4: Labor market access

OLS IV: 50 km

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.132*** 0.165*** 0.0395*** 0.133*** 0.169*** 0.0410***
(0.0376) (0.0394) (0.00969) (0.0384) (0.0405) (0.00971)

Inpres effect × MA 0.112*** 0.152*** 0.0247*** 0.107** 0.154*** 0.0273**
(0.0402) (0.0434) (0.00911) (0.0498) (0.0561) (0.0117)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 264,307 98,413 98,413 264,307 98,413 98,413
Control mean 6.695 8.434 9.195 6.695 8.434 9.195
F-statistic 162.7 99.52 99.52

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
OLS regressions do not instrument for labor market access, while IV regressions instrument with
faraway variation that excludes districts within 50 km. I compare individuals of age 2 to 6 versus
12 to 17. Schooling is years completed, both unconditionally and conditional on observing nonzero
wages. Wages are log hourly net wages in year-2011 Indonesian rupiah from an individual’s main
job. Inpres effects are coefficient estimates for difference-in-difference term SjTk, given program
intensity Sj for district of birth j and treatment dummy Tk for age group k. Market access is an
inverse distance weighted sum of 1971 population densities across districts. I convert market access
to a z-score and interpret units in standard deviations. I control for age group, birth district, and
survey year fixed effects; child populations and enrollment rates in 1971; and Inpres water and
sanitation spending from 1973 to 1978. I cluster standard errors by birth district based on 1973
boundaries. Data: Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).

maximizes its aggregate impact.

At the same time, high labor market access can encourage out-migration, partic-

ularly for rural districts with limited local opportunities. In targeting these districts,

the program helps rural individuals who eventually leave, with little net benefit to

the districts themselves. Figure 1a confirms that out-migration is highest for districts

with high market access. I estimate a positive and significant coefficient β for the

specification

Yijt = αP + αt + β logMAj + εijt

with individuals i born in districts j of provinces P (j), as measured in survey year

t. I regress out-migration in 2011 to 2014 on log labor market access in 1971, con-
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Figure 1: Migration and market access

(a) Full sample

Slope: 0.163*** (0.0532)
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The left figure is a binned scatterplot, and each observation is one male individual of age 39 to 64. I
report the slope coefficient and standard error. The right figure plots the analogous slope coefficients
with 95% confidence bands for each quartile of the population density distribution. Migrants are
those whose districts of birth and residence do not coincide. Population density is as measured in
1971. Market access is an inverse distance weighted sum of 1971 population densities across districts.
Population density and market access are for individiuals’ districts of birth. I control for province
and survey-year fixed effects, and I cluster standard errors by province. *** p < 0.01, ** p < 0.05,
* p < 0.1. Data: Susenas surveys (2011-14), census reports (1971).

trolling for province and survey year fixed effects and clustering standard errors by

province. Figure 1b shows that rural districts drive the correlation. For quartiles

Q(j) of population density, I estimate the specification

Yijt = αP + αQ + αt + βQ logMAj + εijt.

I obtain positive and significant for rural districts in the lower quartiles of popula-

tion density, with insignificant estimates for urban districts.8 Rural-born individuals

benefit from market access but leave, while urban-born individuals benefit and stay.

Labor market access amplifies Inpres effects at some distributional cost.

Consistent with out-migration, appendix table B4 documents attenuated Inpres

effects for places relative to people. The first three columns show baseline estimates,

8 Coefficients βq are all smaller than coefficient β of figure 1a because quartile fixed effects absorb
level differences between urban and rural districts.
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as in table 3, taking birth-district school construction as treatment. They capture

effects on individuals, inclusive of those who migrate away. The last three columns

instead take current-district construction as treatment. They show the smaller effects

on districts’ own long-run outcomes, net of out-migration that dissipates the local

gains from school construction. People benefit more than places do.

One nuance, however, is that this distributional tension arises even if migration

patterns do not themselves respond strongly to the program. Indeed, appendix table

B2 shows that migration patterns do not respond on either the extensive or intensive

margins. I detect no impact on migration rates, migration across provinces, migration

to urban destinations, or migration distances. But large and heterogenous migration

rates in the cross-section – as seen in figure 1a – still lead to gains that escape rural

districts. If Inpres schools were to increase migration rates, then they would amplify

the concern: rural individuals would leave at even higher rates.

Finally, appendix B considers robustness. The main results are stable with re-

spect to the chosen distance weights and bands, the censoring of tertiary education,

the inclusion of flexible spatial controls, and the exclusion of the largest labor markets.

4 Model

I build an economic model for further analysis. In the model, individuals invest

in education and migrate for work. School construction encourages education. Firms

use labor to produce, and wage rates clear labor markets in equilibrium. Appendix

C provides derivations.

4.1 Choices and frictions

Building on Bryan and Morten (2019) and Hsieh et al. (2019), individuals make

education and migration choices in two stages of life: school and work.9 First, they

realize schooling shocks and choose education. Second, they realize skill shocks and

choose whether and where to migrate. These choices determine the supply of human

capital across locations. Education and migration costs present frictions.

9 Relative to Bryan and Morten (2019), I endogenize education. Relative to Hsieh et al. (2019), I
allow individuals to choose education without perfect information on migration.
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Consider an individual i of origin j(i) and age group k(i). In the first stage, they

realize schooling shock ϵ and choose education e to maximize utility.

ujk(ϵ) = max
e

{
v̄jk(e)− cjk(e, ϵ)

}
(5)

Utility includes two components: labor utility and education costs.

v̄jk(e) = E[vjk(e, ε) | e], cjk(e, ϵ) = eτ ejkϵ (6)

Labor utility v̄jk is the future utility from work, subject to skill shocks ε that are

not realized until the second stage. Costs cjk include regional costs and individual

shocks. Education costs τ ejk capture systematic barriers to education, which school

construction can help to alleviate. Schooling shocks ϵ capture idiosyncratic barriers

and are independent and identically distributed.

In the second stage, the individual considers locations ℓ. They take education

e as given, and they realize skill shocks ε = {εℓ} across locations. They choose a

destination to maximize labor utility.

vjk(e, ε) = max
ℓ

{
vjkℓ(e, εℓ)

}
(7)

Labor utility includes three components: amenities, wages, and costs.

vjkℓ(e, ε) =
aℓwjkℓ(e, εℓ)

τmjkℓ
, wjkℓ(e, εℓ) = rℓhjkℓ(e, εℓ), hjkℓ(e, εℓ) = eηsjkℓεℓ (8)

For each location ℓ, amenities aℓ capture unobserved destination qualities. Wages wjkℓ

depend on wage rates rℓ per unit of human capital hjkℓ. Human capital is perfectly

substitutable, and so individuals face common wage rates within locations. Human

capital increases in education e, subject to elasticity η < 1 that captures diminishing

marginal returns to education. Human capital also increases in skill sjkℓ and skill

shock εℓ. As in Eaton and Kortum (2002), skill shocks follow Fréchet distribution

F (ε1, . . . , εL) = exp{−
∑
ℓ

ε−θ
ℓ }.

A high value for Fréchet parameter θ implies low skill dispersion. Skill shocks are un-
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correlated with schooling shocks. Migration costs τmjkℓ are the financial, psychological,

and opportunity costs of moving and working away from home.

It is convenient to define location utility ṽjkℓ, collecting elements that do not

vary individually. I also define labor market access MAjk as a power sum of location

utilities, with weighting given by Fréchet parameter θ.

ṽjkℓ =
aℓrℓsjkℓ
τmjkℓ

, MAjk =
∑
ℓ

ṽθjkℓ

This measure of market access is correlated with the previous measure, as defined by

equation 1, because both sum wages across locations and downweight by distance.

For this measure, wages enter through wage rates rℓ and skill sjkℓ in the numerator,

distance enters through migration costs τmjkℓ in the denominator, and the functional

form follows from the Fréchet distributional assumption. For the previous measure,

the functional form does not depend on any particular modeling assumption, and so

its interpretation is independent of the modeling exercise that follows.

4.2 Returns to education

Labor market access magnifies the returns to education. Evaluating expected

wages w̄jk and utility v̄jk from labor,

w̄jk(e) = E[max
ℓ

wjkℓ(e, εℓ) | e] = γeηMA
1
θ
jk

(∑
ℓ(

τmjkℓ
aℓ

)ṽθjkℓ

MAjk

)
,

v̄jk(e) = E[max
ℓ

vjkℓ(e, εℓ) | e] = γeηMA
1
θ
jk.

The γ term is a scalar given by γ = Γ(1−1
θ
) and gamma function Γ(a) =

∫∞
0

xa−1e−xdx.

It accounts for the positive expected utility derived from skill shocks ε. The marginal

wage and welfare gains from education e are

∂w̄jk

∂e
= MA

1
θ
jk

(
γη

e1−η

)(∑
ℓ(

τmjkℓ
aℓ

)ṽθjkℓ

MAjk

)
,

∂v̄jk
∂e

= MA
1
θ
jk

(
γη

e1−η

)
.

The key observation is that the wage and welfare gains from education are in-

creasing in market access MAjk. This comparative static is seen most clearly when
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τmjkℓ = aℓ for all ℓ, such that wage and welfare gains coincide. Education is more use-

ful when students can access labor markets that reward human capital richly. When

τmjkℓ = aℓ does not hold for all ℓ, wage gains embed additional variation in amenities aℓ

and migration costs τmjkℓ. Utility depends on wages and amenities in combination, and

so high amenities allow for lower wage gains because of compensating differentials.

Similarly, utility depends on wages net of migration costs, and so high migration costs

call for high wage gains. For both amenities and migration costs, this complication

arises because each is an unobserved quantity. Finally, wage and welfare gains are

decreasing in education when η < 1 because of diminishing marginal returns. The

empirical challenge is that the difference-in-differences analysis conflates the above

forces. The model provides conceptual guidance and a basis for disentangling them.

4.3 Outcomes

I characterize education, wage, and migration outcomes, highlighting compar-

ative statics that are consistent with the Inpres effects documented in section 3.

Education follows from equation 5.

ējk = E[e] =
(
γηMA

1
θ
jk

τ ejk

) 1
1−η

ϵ̄ (9)

for scalars ϵ̄ = E[ϵ−
1

1−η ] and γ as previously defined. The expression does not de-

pend on destination ℓ because individuals choose education before realizing their skill

shocks and choosing their destination. Location characteristics enter only collectively

through labor market access MAjk. The first comparative static is that education

costs τ ejk reduce education, as is natural. In reducing education costs, school construc-

tion should encourage education. The second comparative static is that labor market

access MAjk amplifies the impact of education costs. At the extreme, MAjk = 0 im-

plies that e = 0 for all τ ejk > 0. Reducing education costs has zero effect. Conversely,

high market access expands the pool of job opportunities and raises the returns to

education. Reducing education costs should thus have large effects. Tables 3 and

4 support both predictions: Inpres school construction increases years of schooling

completed, particularly where market access is high.
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Wages follow from equations 8, evaluated conditionally for observed destinations.

w̄jkℓ = E[w | choose ℓ] =

(
γτmjkℓMA

1
θ
jk

aℓ

)(
ējk
ϵ̄

)η

ϵ̃ (10)

for scalars ϵ̄ = E[ϵ−
1

1−η ], ϵ̃ = E[ϵ−
η

1−η ], and γ as previously defined. The conditional

expectation captures positive selection on skill shocks εℓ, whereby those observed in

destination ℓ have likely realized high skill shocks for that destination. Otherwise

they would have selected into another destination instead. Fréchet shocks allow me

to characterize this selection in closed form. The comparative static is that wages are

increasing in education. School construction should thus have directionally similar

effects on wages and education. Tables 3 and 4 again support this prediction: Inpres

construction increases wages, particularly where labor market access is high – just as

it does for education.

Migration follows from equation 7. Substituting equations 8, it becomes

m̄jkℓ = P[ṽjkℓεℓ ≥ ṽjkℓ′εℓ′ for all ℓ
′] =

ṽθjkℓ∑
ℓ′ ṽ

θ
jkℓ′

(11)

Fréchet skill shocks εℓ give choice probabilities of familiar closed form. Migration

choices depend on location utilities ṽjkℓ for every location in the choice set, but not on

education e. Education does not vary by location, and so it drops from the maximand

and does not affect destination choice. The comparative static is thus that migration

is invariant to education. School construction should not affect migration, and table

B2 supports this prediction: Inpres school construction has no significant impact by

any measure.10

4.4 Output

Aggregate output is given by national production Y , which sums across locations.

In each location, perfectly competitive firms produce with total human capital Hℓ as

10 To capture migration effects, I could interpret school construction as affecting both education and
migration costs. Fixed costs of migration would offer a microfoundation for the latter. School
construction increases education and thus wages. Higher wages then lower the relative burden of
these fixed costs, thereby encouraging migration. In my setting, however, the null results of table
B2 are not consistent with such an extension.
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the sole input, subject to productivity Aℓ and production elasticity κ. The production

function determines demand for human capital.

Y =
∑
ℓ

Yℓ, Yℓ = AℓH
κ
ℓ (12)

Productivity captures spatial heterogeneity in the productive use of human capital,

including through differences in technology, physical capital, and sectoral composi-

tion. Production elasticity 0 < κ < 1 captures diminishing marginal returns within

locations. I interpret these diminishing returns as a net congestion force.11

By perfect competition, firms hire until the marginal product of total human

capital Hℓ meets wage rate rℓ.

rℓ = κAℓH
κ−1
ℓ =

∂Yℓ

∂Hℓ

(13)

Total human capital sums over individuals in each location, as do total wages.

Hℓ =
∑
j, k

Njkm̄jkℓh̄jkℓ, Wℓ =
∑
j, k

Njkm̄jkℓw̄jkℓ

Populations Njk count working individuals from origins j and age groups k, of which

proportion m̄jkℓ choose destination ℓ. These individuals have average human capital

h̄jkℓ = E[h | choose ℓ] and average wages w̄jkℓ = E[w | choose ℓ].

The above expressions allow for straightforward interpretation of aggregate out-

put. Combined with equations 8, which imply w̄jkℓ = rℓh̄jkℓ, it follows that

Yℓ =
rℓHℓ

κ
=

Wℓ

κ
. (14)

The first equality decomposes production as the product of wage rates and total

human capital. The second states that production is given by total wages. Both are

subject to a scalar κ, which cancels when considering percentage changes. That is,

the model provides convenient microfoundation by which changes in aggregate output

11 A natural interpretation is that production congests local factor markets. Appendix C demon-
strates a similar force with goods markets: if production is imperfectly substitutable across lo-
cations, then added production suppresses goods prices and thus marginal productivity. An
opposing force arises from agglomeration through innovation or economies of scale. I capture
these forces collectively, as it is difficult to separate them empirically.

22



coincide with changes in total wages.

4.5 Equilibrium

I define equilibrium as the set of wage rates r = {rℓ} that clear human capital

markets in every location.

HD
ℓ (rℓ) = HS

ℓ (r) ∀ ℓ (15)

Firms demand human capital. Production is local, and so demand can be evaluated

separately for each location. Inverting equation 13,

HD
ℓ (rℓ) =

(
κAℓ

rℓ

) 1
1−κ

.

Demand is downward-sloping, as marginal returns are diminishing for κ < 1. Individ-

uals supply human capital. Migration is national, and so supply must be evaluated

jointly across locations. By equation 14,

HS
ℓ (r) =

Wℓ(r)

rℓ
.

Supply is upward-sloping, as high wage rates attract human capital and increase total

wages. Wage rates enter total wages Wℓ through migration and average wages, as

given by equations 10 and 11.

4.6 Discussion

The model focuses on internal migration for employment after graduation. First,

migration is internal. Indeed, international out-migration is limited to less than 0.5%

of the total population (World Bank 2022).12 Second, migration is for employment.

I abstract from migration for schooling, whereby parents move so that their children

can attend better schools.13 However, amenities aℓ capture this mechanism to the

12 From 1980 to 2015, Indonesia experienced net out-migration of 905,000. Foreign-born individuals
account for part of this out-migration, as their population fell by 428,000 over the same period.
The total population was 259,000,000 in 2015.

13 The literature on moving to opportunity, as reviewed by Chyn and Katz (2021), finds that children
experience positive education effects after moving to better neighborhoods, subject to disruption
effects that sometimes dominate (Chetty et al. 2016, Chetty and Hendren 2018, Chyn 2018,
Laliberté 2021, Nakamura et al. 2021, Rojas-Ampuero and Carrera 2021).
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extent that good schools act as amenities in certain locations. Third, employment

is after graduation. I abstract from child labor, which entails employment before

graduation. However, education costs τ ejk capture this force to the extent that child

labor increases the opportunity costs of education in certain locations.14

The model also imposes several simplifications. First, I assume a common elas-

ticity η of human capital with respect to education. But I note that the returns to

education remain heterogeneous: wage rates rℓ differ across destinations, skill sjkℓ

differs across origins and age groups, and skill shock ϵ differs across individuals. Each

affects how an additional year of schooling translates into added wages. Second, in-

dividuals know location utilities ṽjkℓ across locations when choosing education. But

I can accommodate uncertainty to the extent that it is Fréchet distributed and thus

absorbed by skill shocks εℓ. Third, individuals know these skill shocks across des-

tinations when choosing migration, even to faraway locations. But migration costs

τmjkℓ capture information frictions to the extent that they are increasing in distance.

Fourth, I abstract from sequential migration with skill accumulation over the life cy-

cle. These dynamics require substantially more modeling. I will estimate the model

with long-run wages and interpret counterfactuals as being net of these dynamics.

I also note a contrast between school construction and “place-based policy” in

the form of spatially targeted infrastructure investment.15 School construction is

place-based because schools serve students locally. But other place-based policies

provide only local benefits. In-migration offsets these gains by increasing local prices

and draining non-local productivity. By contrast, schools provide portable benefits.

Out-migration magnifies and distributes these gains.

5 Estimation

I describe estimation and identification, and I present estimates. Estimation

reduces to linear regression with instruments. Appendix C provides derivations.

14 A literature on child labor and education finds that higher returns to child labor reduce investment
in schooling (Atkin 2016, Shah and Steinberg 2017, Bau et al. 2021, Shah and Steinberg 2021).

15 Glaeser and Gottlieb (2008), Neumark and Simpson (2015), and Austin et al. (2018) review the
literature on place-based policy.
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5.1 Frictions and amenities

I estimate education costs, migration costs, and relative amenities with aggregate

data by origin j, age group k, and destination ℓ. I define origins as birth districts,

age groups as those of age 2 to 6 versus 12 to 17 in 1974, and destinations as current

districts of residence. By aggregating, I eliminate unobserved individual shocks (ϵ, ε)

for schooling and skill, and I obtain a simple log-linear expression to take to data.

log w̄jkℓ − log ējk = log
ϵ̃

ϵ̄η
− log aℓ + log τ ejk + log τmjkℓ (16)

Estimation is a linear regression with fixed effects. On the left-hand side, I

construct each term from data. The first term is the log of average hourly wages by

origin, age group, and destination. I only observe wages for individuals who select into

a given destination ℓ, and so the model accounts explicitly for selection on unobserved

skill shocks εℓ. The second term corresponds to average years of schooling. On the

right-hand side, I estimate each term. The first term is a constant that combines

scalars (ϵ̃, ϵ̄), which depend on the distribution of schooling shocks ϵ, and parameter η,

which is the human capital elasticity. The second term is a fixed effect by destination

ℓ, and it identifies amenities aℓ. The third term is a fixed effect by origin and age

group jk, and it identifies education costs τ ejk. The fourth term is the residual, and

it has a structural interpretation as migration costs τmjkℓ. I thus obtain estimates

(aℓ, τ
e
jk, τ

m
jkℓ), noting that each is only identified in relative terms: fixed effects give

estimates only relative to the base case, and residuals are mechanically centered at

zero. These relative estimates will suffice for counterfactuals.

Having recovered education costs τ ejk, I can estimate how they respond to In-

pres school construction from 1973 to 1978. The endogeneity problem is that schools

are not randomly assigned. In particular, construction targeted low-enrollment dis-

tricts and thus is likely correlated with unobserved education costs. I again appeal

to difference-in-differences as in Duflo (2001): for school construction Sj per 1,000

children and age group exposure Tk, I compare young and old cohorts in districts

with high and low levels of school construction.

log τ ejk = αj + αk + βSjTk +CjTkϕ+ εjk (17)
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The coefficient of interest is parameter β, which measures the impact of school con-

struction on education costs. I match specification 3 with origin fixed effects αj, age

group fixed effects αk, and controls Cj for child populations in 1971, child enrollment

rates in 1971, and Inpres water and sanitation spending from 1973 to 1978. The fixed

effects isolate the difference-in-differences comparison, while also absorbing the base

case value for education costs. The difference with specification 3 is that estimation

relies on aggregate and not individual data. I pool across survey years to minimize

noise in computing aggregate education and wages, and so I cannot include survey

year fixed effects αt.

5.2 Wage rates and human capital

I estimate wage rates, the human capital parameter, the Fréchet parameter, and

skill. I again use aggregate data by origin j, age group k, and destination ℓ to estimate

a linear regression equation with fixed effects.

log w̄jkℓ = log
γϵ̃

ϵ̄ η
+ log rℓ + η log ējk −

1

θ
log m̄jkℓ + log sjkℓ (18)

On the left-hand side, I construct average log hourly wages from data. On the right-

hand side, I estimate each term. The first term is a constant that combines scalar

γ = Γ(1− 1
θ
), which is pinned down by Fréchet parameter θ, and scalars (ϵ̃, ϵ̄) as above.

The second term is a fixed effect by destination ℓ, and it identifies wage rates rℓ. I

note the distinction between wages w̄jkℓ and wage rates rℓ: the former are wages per

hour as observed in the data, while the latter are wages per hour per unit of human

capital as estimated here. I do not observe wage rates because human capital includes

unobserved components. The third term measures average years of schooling by origin

and age group, and it identifies the elasticity η of human capital with respect to years

of schooling. The fourth term measures migration choice probabilities by origin,

age group, and destination, and it identifies Fréchet skill dispersion θ. I compute

probabilities from data on individual migration decisions using a simple frequency

estimator. The fifth term is the residual, and it has a structural interpretation as

skill sjkℓ. I thus obtain estimates (η, θ, rℓ, sjkℓ). As before, (rℓ, sjkℓ) are identified only

in relative terms, but these relative estimates will suffice for counterfactuals.

The endogeneity problem is that education and migration are not randomly as-
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signed. In particular, by equations 9 and 11, unobserved skill sjkℓ is mechanically

correlated with each through labor market access MAjk. For education, this correla-

tion echoes the typical concern over ability as an omitted variable. I again appeal to

difference-in-differences and match specification 3.

log ējk = α̃j + α̃k + β̃SjTk +CjTkϕ̃+ ε̃jk (19)

As in Duflo (2001), difference-in-differences term SjTk offers an instrument for ed-

ucation, conditional on origin fixed effects, age group fixed effects, and controls. I

thus isolate the causal effect of education on wages in equation 18. For migration, I

instrument with labor market access MAjℓ interacted with age group exposure Tk.

MAab
jℓ =

∑
j′

popdenj′

(distjj′ + 1)a
· 1(distjj′ > b) · 1(distj′ℓ > b)

I isolate faraway variation with quadratric a = 2 and cutoff b = 50 kilometers as

baseline. I construct this measure directly from data as in section 3. I cannot use

the model-based measure because it depends on Fréchet parameter θ, which I seek to

estimate here. Like in section 3, I omit locations close to origin j. Unlike section 3,

I also omit locations close to destination ℓ. Unobservables in each of these locations

are likely to be correlated with skill sjkℓ, which constitutes the error term.

5.3 Production

I calibrate the production parameter, which governs congestion. An attempt at

estimation projects wage rates rℓ, as recovered above, onto total human capital Hℓ.

By equation 13,

log rℓ = log κ+ (κ− 1) logHℓ + logAℓ.

The identification argument is that the relationship between total human capital and

wage rates is informative of congestion. For κ < 1, congestion depresses wage rates

as human capital increases. For κ = 1, a lack of congestion implies no relationship

between human capital and wage rates.

However, this approach is subject to the reflection problem and the identification

challenges that accompany it (Manski 1993). Indeed, the reflection problem is typical
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when estimating group effects, and congestion amounts to a group effect. The problem

is revealed by substituting into equation 18 and rewriting with total wagesWℓ = rℓHℓ.

log w̄jkℓ = log
γϵ̃κ

1
κ

ϵ̄ η
+

κ− 1

κ
logWℓ +

1

κ
logAℓ + η log ējk −

1

θ
log m̄jkℓ + log sjkℓ,

noting that total wages Wℓ can be computed from data. Productivities Aℓ are iden-

tified by destination fixed effects, but I do not need these productivities for counter-

factuals. Instead, the parameter of interest is κ, which I must identify by regressing

disaggregate outcome w̄jkℓ on aggregate outcome Wℓ.

Identifying variation must therefore “manipulate peer characteristics in a manner

unrelated to individual characteristics” (Angrist 2014). In the specification above, I

require variation that manipulates wages w̄jkℓ for individuals who come from different

origins and age groups, but who select into the same destination. Inpres variation

is insufficient: it generates variation in education, but individuals still self-select

into particular destinations. Peer group assignment is not random. Market access

instruments are also insufficient: they generate variation in peer group assignment,

but this variation is muted at the group level. Mechanically, for a given destination,

negative shocks for some origins offset positive shocks for other origins. Angrist (2014)

highlights this issue of weak instruments and the bias that follows. Zárate (2023)

nicely summarizes the problem, particularly in online appendix B, and describes how

stratified randomization of peers can overcome it – a high bar for my observational

setting. I therefore turn to calibration, taking κ = 0.925 as baseline. This value

corresponds to the central congestion scenario in Bryan and Morten (2019).

5.4 Estimates

I implement estimation sequentially. First, I start with frictions and amenities.

I estimate equations 16 and 17 jointly, substituting 17 into 16 to obtain a single

regression equation. I obtain estimates (β, aℓ, τ
e
jk, τ

m
jkℓ). Second, I consider wage

rates and human capital, estimating equations 18 and 19 jointly with two-stage least

squares. I accommodate the controls needed for instrument validity in equation 19 by

including these controls in equation 18, rewriting the latter with log sjkℓ = log s̃jkℓ +

α̃j + α̃k + CjTkϕ̃. I obtain estimates (η, θ, rℓ, sjkℓ). Third, I calibrate production

parameter κ. Each step is independent, as none depends in any way on the results of
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Table 5: Parameters

Estimate SE

β Inpres effect DD -0.056** (0.028)

η Human capital
IV 0.224** (0.106)
OLS 0.142*** (0.049)

θ Skill dispersion
IV 19.96** (10.13)
OLS 18.23** (8.98)

κ Production – 0.925 –

Each panel is one step of estimation. Inpres effect β captures the extent to which Inpres school
construction per 1,000 children reduces education costs τejk. I estimate it by difference-in-differences
(DD). Human capital parameter η is the elasticity of human capital with respect to years of school-
ing, while Fréchet parameter θ captures skill dispersion. I estimate them both with and without
instruments (IV and OLS). Production parameter κ is the elasticity of production with respect to
total human capital in each location. I calibrate this parameter. *** p < 0.01, ** p < 0.05, *
p < 0.1. Data: Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).

the others. Proceeding sequentially is thus without loss.

Table 5 presents the common parameters. First, Inpres effect β captures the

relationship between school construction and education costs. It is negative and

statistically significant, suggesting that school construction decreases education costs

– consistent with the positive Inpres effects on education and wages that I document

in section 3. An additional school per 1,000 children reduces education costs by

6%, implying reductions of 12% for the average district. For counterfactuals, this

parameter has the most immediate influence on the gains from school construction.

If schools greatly reduce education costs, then school construction leads to large gains.

Identification benefits from direct reliance on well-studied Inpres variation.

Second, human capital parameter η is the elasticity of human capital with re-

spect to education. Wages are proportional to human capital, and so this parameter

corresponds to returns to education as typically specified in a large body of empirical

work. I compute and report the marginal effects of an additional year of schooling on

log wages. My IV estimate of 0.22 is larger than my OLS estimate of 0.14, although

omitted variable bias from unobserved ability would suggest otherwise. Instead, my

estimates are consistent with measurement error in education that attenuates OLS es-

timates. The magnitudes I obtain are somewhat larger than the returns to education
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estimated in Duflo (2001).16 This parameter plays a crucial role in counterfactu-

als, as higher returns to education imply greater gains from school construction. A

large body of estimates dating back to Mincer (1958) allows me to benchmark this

parameter or even to calibrate it. Psacharopoulos (2024) provides a recent survey.

Third, Fréchet parameter θ is roughly 20, with similar estimates between IV and

OLS. This magnitude is similar to that estimated in Bryan and Morten (2019). This

parameter is the only one for which identification relies on instrumenting with faraway

market access. An alternative is to calibrate this parameter and move 1
θ
m̄jkℓ to the

left-hand side in estimating equation 18. Estimation would then rely solely on the

variation generated by Inpres school construction. For counterfactuals, this parameter

enters when computing supply of human capital. Large skill dispersion increases the

value of labor market access because individuals choose their destinations, and so

they can select their best skill shocks rather than their average skill shocks. Market

access then amplifies the positive impacts of school construction.

Fourth, production parameter κ is calibrated to κ = 0.925, capturing marginal

returns that diminish at modest rate. I draw this value from the central congestion

scenario of Bryan and Morten (2019), which also incorporates agglomeration and

goods markets with calibrated values from the literature. These additional forces

combine to generate congestion on net, and so I focus on congestion rather than

attempting to separate each force empirically. For counterfactuals, this parameter

enters when computing demand for human capital. Higher values of κ correspond to

flatter demand curves. For κ = 1, the demand curve is perfectly flat because a lack

of congestion allows firms to scale without experiencing productivity losses. Perfectly

elastic demand then eliminates equilibrium adjustments in wage rates, even as school

construction raises human capital levels nationally.

6 Counterfactuals

I quantify how mobility shapes the long-run aggregate and distributional effects

of the Inpres program, and I highlight the equity-efficiency trade-off facing the poli-

16 For the US, Hsieh et al. (2019) choose a lower value of 0.1 that corresponds to the fraction
of output spent on human capital accumulation. They obtain this value by dividing education
spending by the labor share of GDP.
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cymaker. Appendix D details how I solve the model.

6.1 School construction

School construction reduces education costs. I characterize this effect by differ-

encing equation 17. Changes in school construction Sj – from baseline Sj to counter-

factual S ′
j – induce changes in education costs τ ejk for treated age groups Tk.

log τ e
′

jk − log τ ejk = β(S ′
j − Sj)Tk

for β < 0. I rewrite as changes x̂ = x′

x
for counterfactual x′ and baseline x.

τ̂ ejk = exp
[
β(S ′

j − Sj)Tk

]
To reach this point, I only need to estimate parameter β. Other terms do not need to

be estimated: counterfactual S ′
j is as given by the counterfactual scenario of interest,

and observed (Sj, Tk) are observed as data.

Education costs then affect production. I characterize this effect with “exact-

hat” algebra as in Dekle et al. (2008), which allows me to express counterfactuals as

changes relative to observed data. Changes in production are given simply by changes

in wage rates and human capital by location.

Ŷℓ = r̂ℓĤℓ

I solve for equilibrium responses in wage rates rℓ and human capital Hℓ with equi-

librium conditions 15, which state that human capital markets clear across space.

Computation is lightweight because I solve using exact-hat expressions for human

capital demand and supply. I characterize how each responds to any given changes

(τ̂ ejk, τ̂
m
jkℓ) in education and migration costs, fixing common parameters (β, η, θ, κ),

productivities Aℓ, amenities aℓ, skill sjkℓ, and shocks (ϵ, ε). To reach this point, I

must estimate common parameters (κ, η, θ) and baseline values (aℓ, rℓ, sjkℓ, τ
m
jkℓ). I do

not need to estimate baseline values in levels, as any normalizations in levels cancel

when I work in changes. I can therefore quantify how school construction affects

production by location, with the flexibility to consider how migration costs influence

this response.
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I now define criteria for evaluation. Suppose a government allocates schools S

across locations, building human capital to maximize a combination of aggregate

output Y and distributional concerns (D1, D2). For non-negative weights λ, costs C,

and budget constraint C̄,

max
S

λ0Y (S)− λ1D1(S)− λ2D2(S) s.t. λ0 + λ1 + λ2 = 1 , C(S) ≤ C̄ . (20)

Weights λ are a reduced form for the complex political motives that govern the balance

between equity and efficiency. Production in each location follows from the exact-hat

expression above. Aggregate output is production summed across locations, as in

equation 12. Distributional concerns focus on rural-urban wage gaps, distinguish-

ing between wage gaps across people and across places. For urbanness (Uj, Uℓ) and

ruralness (Rj, Rℓ),

D1 =
1

κ

∑
j,k,ℓ

(Uj −Rj)Njkm̄jkℓw̄jkℓ, D2 =
1

κ

∑
ℓ

(Uℓ −Rℓ)Yℓ.

Wage gap D1 across people of rural versus urban origin captures differences in op-

portunity for individuals, while wage gap D2 across rural versus urban destinations

captures regional disparities net of migration. Absent migration, D1 = D2.

6.2 Evaluating the program

Table 6 evaluates the aggregate and distributional effects of the program. Start-

ing with total effects, the program increases aggregate output by 6% relative to zero

construction. Students from rural districts experience the largest gains, as new schools

bring greater benefits to people from less-educated rural districts relative to more-

educated urban ones. In increasing the opportunities available to rural students, the

program decreases inequality between people from rural and urban districts by 4%.

That is, inequality across people falls as urban and rural students converge following

nationwide school construction.

The government may also value convergence between rural and urban districts

themselves, net of out-migration. Reducing inequality across places was an explicit

motivation for targeting Inpres school construction to low-enrollment districts, and
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Table 6: Aggregate and distributional effects

Aggregate
output

Inequality
(people)

Inequality
(places)

Total effects

Zero construction 1.00 1.00 1.00
Actual Inpres allocation 1.06 0.96 1.09

Decomposition

Zero construction 1.00 1.00 1.00
+ School construction 1.03 0.99 0.99
+ Migration 1.04 0.98 1.03
+ Migration-induced education 1.07 0.95 1.11
+ New equilibrium wage rates 1.06 0.96 1.09

Each row is one counterfactual. Values are ratios relative to zero construction. Aggregate output
is given by aggregate wages. Person-based inequality is between people born in urban versus rural
places. Place-based inequality is between people living in urban versus rural places. In the second
panel, I start with Inpres school construction under infinite migration costs. Next, I lower migration
costs to those estimated but hold education and wage rates fixed. I then allow education to adjust
but continue to hold wage rates fixed. Finally, I allow wage rates to adjust. Data: Susenas surveys
(2011-14), Bappenas reports (1973-78), census reports (1971).

both equity and political economy considerations can rationalize such a policy goal.17

I find that the program increases inequality between rural and urban places by 9%.

Rural-to-urban migration fuels output gains by connecting rural human capital to

high urban wages, but it does so at the expense of rural districts. The program

remains a Pareto improvement relative to zero school construction because rural dis-

tricts still benefit from modest output gains and higher human capital. But regional

inequality rises because urban districts benefit even more.

Turning to the decomposition, mobility drives both aggregate and distributional

effects. I isolate the direct impact of school construction by raising migration costs

to infinity. In shutting mobility down, I find that aggregate output increases by only

3%. Low mobility leads to low labor market access and low benefits from investing in

education, even when school construction lowers the costs of doing so. For inequality

among people and places, the two measures coincide because there is no migration.

Everyone born in a place stays in the place, and so people and places align. Moreover,

17 Indonesia’s transmigration program of the 1980s is another example of a policy aimed at devel-
oping “lagging” regions.
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inequality on both counts is similar to inequality under zero construction. Although

rural students have higher marginal returns to education, they are confined to low-

wage labor markets and thus invest little in education. Urban students have access

to high urban wages and thus larger incentives to invest in education, but they also

face lower marginal returns given higher baseline levels of education. These offsetting

forces mute inequality relative to the total effects.

Next, I allow for migration by reducing migration costs from infinity to their

baseline estimated values. I do so in three phases to isolate three effects: matching,

motives, and market. First, I allow individuals to realize their skill shocks and sort

into their preferred destinations, but I do not allow education or wage rates to adjust.

Individuals maintain the lower educational investment that they choose under infinite

migration costs, and wage rates do not adjust in equilibrium. Improved matching in-

creases the aggregate output effect by one percentage point (from 3% to 4%). Second,

I allow education but not wage rates to adjust. Reduced migration costs increase la-

bor market access and thus the motives to invest in education. Greater education

increases the aggregate output effect by three percentage points (from 4% to 7%).

Third, I allow wages to adjust. Greater education raises human capital, generating

congestion that affects markets by causing wage rates to fall in equilibrium. Lower

wages dampen the aggregate output effect by one percentage point (from 7% to 6%).

Previous work has focused on the matching effect (Bryan et al. 2014), but I find that

the motives effect dominates – even net of market effects. At the same time, output

gains are driven by rural students migrating to high urban wages, which increases

inequality across places.

6.3 Redesigning the program

I redesign the Inpres program by considering alternative allocations of school

construction with the objective functions of equation 20, subject to the observed

budget constraint. In particular, I search over allocations to maximize aggregate

output (λ0 = 1), person-based inequality (λ1 = 1), place-based inequality (λ2 = 1),

and combinations of the three (for λ0+λ1+λ2 = 1). I then compute each allocation’s

effect on output and inequality, characterizing both the policymaker’s possibilities

frontier and the implied equity-efficiency trade-off.

The challenge is that, for each objective function, the optimization problem is
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difficult to solve. Computing each optimal allocation requires solving a combinatorial

problem. I must consider locations jointly – rather than one at a time – because

migration generates spatial independence. That is, school construction in one district

affects labor markets in all other districts, and so I cannot evaluate districts individ-

ually. The result is a severe curse of dimensionality. I therefore simplify the problem

by focusing on allocation rules similar to the one used in reality. The actual rule

allocated schools in proportion to 1971 child unenrollment in excess of a cutoff level,

with a cutoff of 0% for 1973-1974 construction and 15% for 1975-1978.

The analysis proceeds as follows. First, I consider an objective function focused

on aggregate output (λ0 = 1). Second, I select the allocation rule that maximizes this

objective. I do so by searching over a grid of allocation rule cutoff values. Optimiza-

tion is greatly simplified because I search over the one-dimensional set of allocation

rule cutoffs and not over the high-dimensional set of allocations themselves. Third,

I evaluate each cutoff by computing the resulting allocation of school construction,

then using the estimated model to compute effects on aggregate output, person-based

inequality, and place-based inequality. High cutoffs concentrate school construction

in low-enrollment districts, which tend to be rural and isolated. Fourth, I repeat these

steps for alternative objective functions, which I obtain by varying the λ weights. The

model thus captures the possibilities frontier facing the policymaker. It also generates

policy prescriptions: for any given objective function, the model delivers the optimal

cutoff rule and the resulting aggregate and distributional effects.

Every allocation I consider is subject to the observed budget constraint. I use

total expenditures to define the budget, and indeed the Bappenas reports specify

school construction costs by district. For 1973, these costs range from 2.5M IDR

for non-urban districts in Sumatra, Java, Bali, and Kalimantan to 7M IDR for dis-

tricts in Greater Jakarta. Given a cutoff level, for each district I compute 1971 child

unenrollment in excess of this level, then I distribute the budget across districts in

proportion to excess unenrollment. For example, if excess unenrollment is 10% in

district one and 20% in district two, then district two receives twice as much funding

as district one does. I treat this budget as fixed, although a public finance approach

might consider feedback between production and local resources.

Figure 2 illustrates the results, plotting policymaker preferences alongside the

resulting impacts on aggregate output and place-based inequality. For policymaker
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preferences, I increase weight λ0 on aggregate output at the expense of weight λ2 = 1−
λ0 on place-based inequality, holding fixed weight λ1 = 0 on person-based inequality.

I focus on aggregate output and place-based inequality to capture the equity-efficiency

trade-off, as raising aggregate output comes only at the cost of increased place-based

inequality. Appendix figure D1 considers a policymaker that considers person- and

place-based inequality, which invoke a similar trade-off. By contrast, there is no trade-

off between aggregate output and person-based inequality. When school construction

targets individuals from less-educated places with higher marginal returns, aggregate

output is high and person-based inequality is low – positive outcomes on both counts.

For figure 2a, I begin on the right. When the weight on aggregate output is high

(λ0 = 1 on the x-axis), the policymaker concentrates construction in districts with

high unenrollment, achieving high aggregate output and high place-based inequality.

The policymaker does so with an allocation rule that uses a high unenrollment cutoff

to avoid allocating schools to districts with low unenrollment. Moving leftward on

figure 2a, the opposite holds when the weight on aggregate output is low (λ0 = 0 on

the x-axis). The policymaker concentrates construction in districts with low unenroll-

ment, achieving low aggregate output and low place-based inequality. I highlight the

trade-off by reversing the axis for place-based inequality, which enters the objective

function negatively. Moving from right to left, one line rises while the other line falls.

The reason is that targeting low-enrollment regions raises aggregate output gains by

enhancing opportunities for underserved students. But these students access oppor-

tunities precisely by leaving for urban centers, thereby worsening regional inequality.

Furthermore, figure 2a suggests a government objective function with approximately

equal weights on aggregate output and place-based inequality, as λ0 = 0.5 roughly

corresponds to the 6% and 9% effects produced by the actual allocation.

In figure 2b, I repeat the analysis under reduced migration costs, which increase

mobility and magnify the equity-efficiency tradeoff. Given the interaction between

migration and education costs, reduced migration costs – perhaps through road in-

vestments – greatly amplify the output gains from school construction. At the same

time, place-based inequality also rises. But unlike the baseline scenario, in which

rural regions experience small but nonetheless positive gains, these counterfactuals

involve meaningful losses to rural regions. The reason is that lower migration costs

increase rural-to-urban migration, which drains rural populations. Thus, although co-
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Figure 2: Aggregate output vs. place-based inequality

(a) Baseline

(b) Halved migration costs

I vary the objective function holding fixed weight λ1 = 0 on person-based inequality D1. I thus vary
weight λ0 ∈ [0, 1] on aggregate output Y , which in turn affects weight λ2 = 1 − λ0 on place-based
inequality D2. For both y-axes, higher is better. The left axes are percentage increases in Y relative
to zero construction, with Y entering the objective function positively. The right axes are percentage
increases in D2 relative to zero construction, with D2 entering the objective function negatively and
thus flipped axes in the figures. The bottom figure repeats the exercise of the top figure under 50%
lower migration costs. Data: Susenas surveys (2011-14), Bappenas reports (1973-78), census reports
(1971).
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ordinated investment in schools and roads is substantially more effective than school

construction alone, it is also no longer Pareto-improving relative to zero construction.

7 Conclusion

Spatial effects are crucial for evaluating large-scale educational interventions be-

cause graduates migrate for employment. Mobility amplifies the returns to education,

increasing output but draining rural regions. I capture these forces with a spatial equi-

librium model, and I use the model to illustrate how mobility shapes the aggregate

and distributional effects of Indonesia’s Sekolah Dasar Inpres program, which con-

structed 62,000 primary schools in the mid-1970s. I find that the program increased

long-run aggregate output by 6%, and that mobility accounts for half of this effect.

The importance of mobility suggests gains from coordinated investment in education

and transportation, although such investment can also widen regional inequality.

Several lines of inquiry are left for future work. First, I highlight regional equity

concerns that stem from spillover impacts of local investment on non-local outcomes.

The political economy of these linkages has important implications, particularly when

investment is chosen and funded locally. Second, I assume that school construction

lowers education costs by increasing physical access, but the effects of new schools

might also depend on factors like school quality and interactions with existing schools.

Third, public school construction may prompt equilibrium responses by the private

sector that affect aggregate outcomes. Such work informs policymakers’ ongoing

efforts to invest in education, which remains fundamental to economic development.
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Appendix

A Data

I describe the data and data construction. Table A1 lists data sources.

A.1 Treatment data

Data on the Inpres program and district demographics come from Duflo (2001),

which draws on Ministry of National Development Planning (Bappenas) reports from

1973 to 1978 and population census reports from 1971. For each district, the data

record the planned number of Inpres schools by year from 1973 to 1978, Inpres water

and sanitation spending from 1973 to 1978, total and child populations in 1971,

and child enrollment rates in 1971. From the original dataset, I drop duplicate and

missing observations to obtain measures for 282 unique districts. Districts include

rural regencies (kabupaten) and urban municipalities (kota). I verify the data and

make adjustments as follows.

I consult the original Bappenas reports to verify the school construction data,

and I correct a modest number of data entry errors and inconsistencies: 1 for 1973,

4 for 1974, 12 for 1975, 5 for 1976, 3 for 1977, and 2 for 1978. Among these changes,

the corrected values are on average 85% larger or smaller than their original values.

In the corrected data, construction in 1976 and 1978 matches that in 1975 and 1977,

respectively, as stipulated by the presidential instructions.18 I take water and sanita-

tion spending to be as constructed by Duflo (2001), noting that this spending seems

to be proportional to school construction in the Bappenas reports, and I fill six miss-

ing observations to avoid dropping these districts.19 For total and child populations,

I again consult the original census reports and make a small number of corrections:

29 for total population and 16 for child population. The average magnitudes of these

18 In reference to Inpres No. 6/1975, Inpres No. 3/1976 states: “Pembagian jumlah gedung Sekolah
Dasar [...] adalah sama dengan jumlah gedung Sekolah Dasar tahap pertama yang dibangun [...]
berdasarkan Instruksi Presiden Nomor 6 Tahun 1975.” Inpres No. 6/1978 contains analogous
text in reference to Inpres No. 3/1977.

19 I impute one missing value for Southeast Aceh with the average value among other rural districts
in the province of Aceh. I fill five missing values for the Special Capital Region of Jakarta with
zero, noting that the main results are robust to excluding Jakarta (table B8).
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Table A1: Data sources

Period Format Source Description

Treatment data

1973-1978 Reports Ministry of National Develop-
ment Planning (Bappenas),
Duflo (2001)

Inpres school construction
and water and sanitation
spending

1971 Reports Population Census (SP),
Duflo (2001)

Total and child populations

1971 Microdata Population Census (SP),
Ruggles et al. (2024)

Child enrollment

2011 Shapefiles Global Administrative Areas
Database (GADM)

Administrative boundaries
(level 2)

1993-2014 Crosswalk World Bank Redistricting over time

Outcome data

1976 Microdata Intercensal Population Survey
(Supas), Ruggles et al. (2024)

Education, wages, employ-
ment, and migration

2011-2014 Microdata National Socioeconomic Survey
(Susenas)

Education, wages, employ-
ment, and migration

Figure A1: Program allocation
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Each figure is a binned scatter plot, and each observation is one district. The y-axis is the proportion
of total school construction allocated to a district. The x-axis for 1973/1974 is unenrollment rate in
1971 among children of primary school age. The x-axis for other years is how much the rate exceeds
15%. Data: Bappenas reports (1973-78), census reports (1971).
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changes are 65% and 38% of the original values. Child populations are defined to

include individuals of age 5 to 14. With Inpres school construction from 1973 to 1978

and child populations for 1971, I recompute the main treatment variable as the total

number of Inpres schools constructed per 1,000 children.

I construct child enrollment rates with census microdata from 1971, drawing on

a 0.54% sample from IPUMS International (Ruggles et al. 2024). These microdata

record whether respondents are currently in school, and I compute enrollment rates

among individuals of age 5 to 14 to match those captured by the child population

data. I do so for the 275 districts I observe in the IPUMS data. Redistricting between

1971 and 1973 explains the difference from the 282 districts of the school construction

data. I fill the seven missing observations for (offshoot) child districts by applying

the enrollment values of the corresponding (original) parent districts. I obtain rather

different measures of child enrollment, and the average magnitude of the changes is

221% of the original values.

Table A2 summarizes the data adjustments relative to the original data from Du-

flo (2001). The baseline data are balanced with a slightly smaller number of districts.

Inpres school construction and populations remain similar on average. I obtain higher

child enrollment rates, as the Duflo (2001) data seem to define child enrollment rates

based on school attendance for individuals of age 5 and above, rather than individuals

of age 5 to 14. I obtain similar magnitudes when I construct enrollment rates based

on the former sample of individuals. At the same time, I note that child enrollment

enters the analysis only as a control variable. I also note that the regressions in Duflo

(2001) may not rely on this particular measure, as the data also record the number

of children attending school.

I also construct a measure of labor market access that captures proximity to cities.

I use district boundary shapefiles from the Global Administrative Area Database

(GADM) to compute land area by district, as well as district centroids. Because of

redistricting over time, some district polygons must be merged to obtain the district

boundaries of the treatment data. Merged land areas sum over individual land areas,

and merged centroids are area-weighted averages of individual centroids. I calculate

population densities from total populations and land areas, and I compute Euclidean

distances between centroids for all pairs of districts. For each district, I define market

access as an inverse distance weighted sum of own and neighboring population den-
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Table A2: Treatment data adjustments

Baseline Duflo (2001)

Mean SD N Mean SD N

Inpres schools per 1000 children 2.26 1.09 282 2.34 1.26 287

Inpres school construction 219 174 282 221 172 293
1973 construction 21.2 20.0 282 21.4 20.1 286
1974 construction 21.2 18.5 282 21.4 18.5 286
1975 construction 35.4 29.8 282 35.5 29.7 286
1976 construction 35.4 29.8 282 35.5 29.7 286
1977 construction 53.1 44.5 282 53.1 44.2 285
1978 construction 53.1 44.5 282 53.2 44.3 285

Population (1000s) 422 362 282 420 365 287
Child population (1000s) 114 97.9 282 115 97.9 287
Child enrollment rates 0.51 0.14 282 0.18 0.10 287

Each observation is one district. Columns show means, standard deviations, and the number of
observations in the baseline data and the Duflo (2001) data. Rows summarize the number of Inpres
schools constructed from 1973 to 1978 and population and enrollment in 1971. Children are those
of age 5 to 14. Data: Bappenas reports (1973-78), census reports (1971).

sities. My baseline measure uses quadratic inverse distance weighting, with distances

measured in hundreds of kilometers.

Figure A2 motivates my focus on proximity to cities. With microdata on educa-

tion and wages from 2011 to 2014, which I describe in the following section, I estimate

the specification

Yijt = αP + αt + β log popdenj + εijt

for individuals i living in districts j of provinces P (j), as measured in survey year t.

I regress education and wages in 2011 to 2014 on log population densities in 1971,

controlling for province and survey year fixed effects and clustering standard errors by

province. Figure A2 plots the data as binned scatterplots, and it reports positive and

significant coefficients β. Education and wages are higher in cities. This pattern is

consistent with the idea that cities offer higher returns to human capital, which may

impact the treatment effects of Inpres school construction. Population densities may

be endogenous because of omitted variable bias, and so the main analysis excludes

own-district population density and relies instead on faraway variation in labor market

access. My baseline measure defines “faraway” as farther than 50 kilometers.
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Figure A2: Population density
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Each figure is one binned scatterplot, and each observation is one male individual of age 39 to
64. Education is years of schooling completed, and wages are log hourly net wages in year-2011
Indonesian rupiah from an individual’s main job. Education and wages are as measured in 2011 to
2014, and population density is as measured in 1971. I control for province and survey-year fixed
effects, and I cluster standard errors by province. *** p < 0.01, ** p < 0.05, * p < 0.1. Data:
Susenas surveys (2011-14), census reports (1971).

A.2 Outcome data

Data on individual outcomes come from the Supas and Susenas socioeconomic

surveys. The Supas data are for the survey year 1976, and the Susenas data are

for 2011, 2012, 2013, and 2014. I rely primarily on the Susenas data to study the

long-run impacts of Inpres school construction, but I also estimate the model on the

Supas data to establish baseline parameter values for the pre-Inpres period.

I observe demographics, education, and wages. Demographics include gender,

age, district of birth, and district of residence. Following Duflo (2001), I use gender

and age to restrict attention to male individuals of age 39 to 64. For the Susenas

data, this sample corresponds to those of age 2 to 24 when the first Inpres schools

were completed in 1974. I use district of birth to link individuals to Inpres school

construction, assuming that individuals pursue primary schooling where they are

born. I use district of residence to construct migration outcomes, with migrants

defined as those whose districts of birth and residence do not coincide. For migrants,
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I observe whether they migrate across provinces, whether they migrate to urban

districts. I compute Euclidean migration distances based on district centroids.

I encounter the typical challenge of redistricting over time, as decentralization has

prompted many cases of larger districts that split into smaller, independent districts.

I merge districts as coded in the Supas and Susenas data to match those coded in the

Inpres school construction data. I do so with a district proliferation crosswalk from

the World Bank, combined with painful manual inspection. I obtain a consistent set

of boundaries over time, covering 26 provinces and 282 districts.

For education, I observe the highest level of education attended and either com-

pletion or the number of years attended at that level. I pool vocational, religious,

and traditional schooling for middle school and high school. At the tertiary level,

I distinguish between community colleges that offer vocational associate’s degrees

(Diploma) and universities that offer traditional bachelor’s degrees (Sarjana). For

the Susenas data, it is important to code zero years of schooling for those who report

never having attended schooling in a preliminary question, otherwise these observa-

tions are treated as missing. I compute the years of schooling completed. Primary

school is six years, middle school is three, high school is three, community college is

two, and university is four. For those who attend but do not complete a given level

of schooling, I subtract one from the number of years attended at that level.20

Tertiary schooling is a challenge. Three-year vocational programs exist (D3 ),

but the Susenas data pool these programs with associate’s degrees (Sarjana Muda in

older parlance) that may not be three-year programs. The data also pool master’s

and doctoral programs (S2 and S3), which typically require different periods of study.

Attendance without completion is more common at this level, with recall bias serving

to worsen measurement error. Furthermore, the Inpres program built primary schools,

which in any case may have limited impacts on tertiary schooling outcomes. The

baseline analysis takes twelve years of schooling as the maximum, sidestepping the

potential measurement error from tertiary schooling. Figure B6 shows that the main

results are robust to incorporating the variation from tertiary schooling.

For employment, I observe employment status, type, income, and hours. I code

individuals as employed if they report working as their primary activity in the past

20 For someone who reports attending three years of middle school, I record eight years of schooling
completed rather than nine years of schooling attained.
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Table A3: Income data

Supas 1976 Susenas 2011-2014

Log
income

Nonzero
income

N
Log

income
Nonzero
income

N

Wage-employed 7.96 0.94 6,639 9.12 0.90 181,393
Self-employed 7.68 0.01 13,724 8.86 0.59 257,516

Each observation is one male individual of age 39 to 64. Columns show mean log income conditional
on reporting nonzero income, the proportion of individuals who report nonzero income, and the
number of observations. Income is log hourly net income in year-2011 Indonesian rupiah from an
individual’s main job. Rows summarize these statistics for the wage- and self-employed. Data: Supas
survey (1976), Susenas surveys (2011-14).

week. Individuals also report whether they work as own-account workers, employers

with temporary or permanent employees, temporary or permanent employees, or

unpaid family workers.21 I categorize employees as wage-employed and others as self-

employed. I observe typical monthly income from an individual’s main job, inclusive

of both money and goods, and I adjust for inflation to obtain income in year-2011

dollars. I also observe the number of hours worked in the past week at an individual’s

main job, which I combine with monthly income to compute log hourly income.

A data limitation is that the income data are incomplete for self-employed in-

dividuals. Table A3 shows this incompleteness by tabulating the income data by

employment type. For the wage-employed, I record nonzero incomes for 90% of in-

dividuals in the Susenas data and 94% in the Supas data. These data are nearly

complete. But for the self-employed, I record nonzero incomes for only 59% of in-

dividuals in the Susenas data and 1% in the Supas data. I observe that reported

incomes are lower among the self-employed, and I speculate that self-employed in-

come is inherently more variable and prone to reporting bias. My analysis focuses on

income for the wage-employed, and I refer to wages in place of income.

21 In the Supas data, the categories are instead own-account workers, employers, employees, and
unpaid family workers.
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B Evaluation

I present additional results and robustness checks.

B.1 Additional results

I document Inpres effects on educational completion, employment, and migration

outcomes. I also consider medium-run and place effects.

Figure B1: Educational completion
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Each dot is one regression, and each observation is one male individual of age 2 to 24 in 1974. Each
figure plots Inpres effect estimates with 95% confidence bands, evaluating completion of s or more
years of schooling for s ∈ {1, 2, . . . , 12}. Treatment regressions compare individuals of age 2 to 6
versus 12 to 17, and placebo regressions compare those of age 12 to 17 versus 18 to 24. Inpres
effects are coefficient estimates for difference-in-difference term SjTk, given program intensity Sj for
district of birth j and treatment dummy Tk for age group k. I control for age group, birth district,
and survey year fixed effects; child populations and enrollment rates in 1971; and Inpres water and
sanitation spending from 1973 to 1978. I cluster standard errors by birth district based on 1973
boundaries. Data: Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).
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Table B1: Employment

Treatment Placebo

Employed
Wage-

employed
Self-

employed
Weekly
hours

Employed
Wage-

employed
Self-

employed
Weekly
hours

Inpres effect 0.000631 0.000907 -0.000907 -0.151 0.00328 -0.000461 0.000461 0.0216
(0.00142) (0.00321) (0.00321) (0.106) (0.00331) (0.00453) (0.00453) (0.104)

Age group FE x x x x x x x x
Birth district FE x x x x x x x x
Survey year FE x x x x x x x x

Observations 264,307 246,031 246,031 246,031 222,194 191,996 191,996 191,996
Control mean 0.910 0.403 0.597 42.35 0.808 0.275 0.725 40.13

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974. Treatment regressions compare individuals
of age 2 to 6 versus 12 to 17, and placebo regressions compare those of age 12 to 17 versus 18 to 24. The employed are those who report
working as their primary activity. Conditional on employment, I observe if they are wage- or self-employed and their weekly hours worked.
Inpres effects are coefficient estimates for difference-in-difference term SjTk, given program intensity Sj for district of birth j and treatment
dummy Tk for age group k. I control for age group, birth district, and survey year fixed effects; child populations and enrollment rates in
1971; and Inpres water and sanitation spending from 1973 to 1978. I cluster standard errors by birth district based on 1973 boundaries. ***
p < 0.01, ** p < 0.05, * p < 0.1. Data: Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).
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Table B2: Migration

Treatment Placebo

Migrant
Provincial
migrant

Urban
migrant

Distance Migrant
Provincial
migrant

Urban
migrant

Distance

Inpres effect 0.00315 0.00772 -0.00343 -7.805 -0.00437* -0.00401 -0.00376 0.0217
(0.00316) (0.00722) (0.00564) (7.784) (0.00224) (0.00588) (0.00527) (7.209)

Age group FE x x x x x x x x
Birth district FE x x x x x x x x
Survey year FE x x x x x x x x

Observations 264,307 67,618 67,618 67,618 222,194 54,572 54,572 54,572
Control mean 0.252 0.622 0.612 563.8 0.238 0.640 0.581 583.9

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974. Treatment regressions compare individuals
of age 2 to 6 versus 12 to 17, and placebo regressions compare those of age 12 to 17 versus 18 to 24. Migrants are those whose districts
of birth and residence do not coincide. Conditional on migration, I observe if they migrate across provinces, if they migrate to an urban
destination, and their distance migrated. Distances are Euclidean and between district centroids. Inpres effects are coefficient estimates for
difference-in-difference term SjTk, given program intensity Sj for district of birth j and treatment dummy Tk for age group k. I control
for age group, birth district, and survey year fixed effects; child populations and enrollment rates in 1971; and Inpres water and sanitation
spending from 1973 to 1978. I cluster standard errors by birth district based on 1973 boundaries. *** p < 0.01, ** p < 0.05, * p < 0.1. Data:
Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).
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Table B3: Medium-run effects

Treatment Placebo

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.137** 0.180*** 0.0179* -0.0112 0.0134 -0.00405
(0.0530) (0.0596) (0.0107) (0.0392) (0.0560) (0.00894)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 77,890 30,581 30,581 77,849 29,928 29,928
Control mean 6.909 8.567 8.687 6.448 8.391 8.776

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
I replicate Duflo (2001) with 1995 data on medium-run outcomes. Treatment regressions compare
individuals of age 2 to 6 versus 12 to 17, and placebo regressions compare those of age 12 to 17 versus
18 to 24. Schooling is years completed, both unconditionally and conditional on observing nonzero
wages. Wages are log hourly net wages in year-2011 Indonesian rupiah from an individual’s main job.
Inpres effects are coefficient estimates for difference-in-difference term SjTk, given program intensity
Sj for district of birth j and treatment dummy Tk for age group k. I control for age group, birth
district, and survey year fixed effects; child populations and enrollment rates in 1971; and Inpres
water and sanitation spending from 1973 to 1978. I cluster standard errors by birth district based
on 1973 boundaries. *** p < 0.01, ** p < 0.05, * p < 0.1. Data: Supas survey (1995), Bappenas
reports (1973-78), census reports (1971).
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Table B4: Place effects

People: birth district effects Places: current district effects

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.0847** 0.0994** 0.0256*** 0.0554 0.0254 0.0146*
(0.0356) (0.0385) (0.00943) (0.0380) (0.0428) (0.00840)

Age group FE x x x x x x
District FE x x x x x x
Survey year FE x x x x x x

Observations 264,307 98,413 98,413 264,307 98,413 98,413
Control mean 6.695 8.434 9.195 6.695 8.434 9.195

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
People regressions consider Inpres exposure by birth district as in table 3, while place regressions
are by current district of residence. I compare individuals of age 2 to 6 versus 12 to 17. Schooling is
years completed, both unconditionally and conditional on observing nonzero wages. Wages are log
hourly net wages in year-2011 Indonesian rupiah from an individual’s main job. Inpres effects are
coefficient estimates for difference-in-difference term SjTk, given program intensity Sj for district j
and treatment dummy Tk for age group k. I control for age group, district, and survey year fixed
effects; child populations and enrollment rates in 1971; and Inpres water and sanitation spending
from 1973 to 1978. I cluster standard errors by district based on 1973 boundaries. Data: Susenas
surveys (2011-14), Bappenas reports (1973-78), census reports (1971).
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B.2 Robustness

There are several ways to construct labor market access and its instrument from

the data. Both depend directly on the choices of distance weights and bands. Figure

B5 shows that the results of table 4 are stable with respect to these choices. Each

subfigure plots the market access interaction coefficient for the main education and

wage outcomes. The top three subfigures vary the distance weight in the market

access measure of equation 1. Relative to inverse quadratic weighting with a = 2

as baseline, I consider the range A = [1.5, 2.5]. The bottom three subfigures vary

the distance band in the market access instrument of equation 2. Relative to defining

faraway variation with b = 50 kilometers as baseline, I consider the range B = [0, 100].

In each case, I find the baseline estimates – marked with light blue horizontal lines –

to lie well within the confidence bands of the alternative estimates. The next section

will present a model and a particular expression for market access, but at this point

I do not rely on the structure of this model.

I conduct several additional tests. Table B6 uses the uncensored measure of

education, which introduces measurement error from tertiary education. The results

are robust, although the non-interacted effects are somewhat attenuated. Table B7

includes spatial controls in the form of cubic polynomials of district coordinates.

These controls flexibly absorb unobserved spatial variation that may be confounded

with market access. I obtain similar estimates, although the absorbed spatial variation

also weakens the strength of the instrument. Estimates remain similar with a lower

distance band of 20 kilometers, which strengthens the instrument at cost to the

plausibility of exclusion.22 Table B8 excludes Jakarta and the greater metropolitan

area (Jabodetabek), which form the largest labor market in Indonesia. The results are

not driven by this subset of districts, where unobservables are perhaps more likely

confounders.

22 Donaldson and Hornbeck (2016) and Jedwab and Storeygard (2022) also include spatial controls.
The former does not instrument with faraway market access – instead including nearby market
access as a control – and thus does not encounter this issue. The latter does instrument and
encounter the same issue. The authors emphasize cutoffs of 55 and 111 kilometers, which are
comparable to my baseline distance band of 50 kilometers but larger than my lower distance
band of 20 kilometers. The authors benefit from data covering most of the African continent,
with total land area nearly 13 times that of Indonesia.
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Table B5: Distance weights and bands
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Each dot is one regression, and each observation is one male individual of age 2 to 24 in 1974. Each
figure plots market access interaction estimates with 95% confidence bands. I vary distance weights
a and distance bands b, as defined in equations 1 and 2, around the baseline values of a = 2 and
b = 50. I compare individuals of age 2 to 6 versus 12 to 17. Schooling is years completed, both
unconditionally and conditional on observing nonzero wages. Wages are log hourly net wages in
year-2011 Indonesian rupiah from an individual’s main job. Inpres effects are coefficient estimates
for difference-in-difference term SjTk, given program intensity Sj for district of birth j and treatment
dummy Tk for age group k. Market access is an inverse distance weighted sum of 1971 population
densities across districts. I convert market access to a z-score and interpret units in standard
deviations. I control for age group, birth district, and survey year fixed effects; child populations
and enrollment rates in 1971; and Inpres water and sanitation spending from 1973 to 1978. I cluster
standard errors by birth district based on 1973 boundaries. Data: Susenas surveys (2011-14),
Bappenas reports (1973-78), census reports (1971).
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Table B6: Uncensored education

No MA MA OLS MA IV: 50 km

Years of
schooling

Years of
schooling

Years of
schooling

Years of
schooling

Years of
schooling

Years of
schooling

Inpres effect 0.0684* 0.0751* 0.110*** 0.137*** 0.117*** 0.149***
(0.0360) (0.0438) (0.0376) (0.0445) (0.0386) (0.0455)

Inpres effect × MA 0.0916** 0.130*** 0.107** 0.172***
(0.0393) (0.0490) (0.0503) (0.0602)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 264,307 98,413 264,307 98,413 264,307 98,413
Control mean 7.009 9.203 7.009 9.203 7.009 9.203
F-statistic 162.7 99.52

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
I include tertiary education when computing years of schooling, rather than taking twelve years to
be the maximum. MA regressions include an interaction with labor market access. OLS regressions
do not instrument, while IV regressions instrument with faraway variation that excludes districts
within 50 km. I compare individuals of age 2 to 6 versus 12 to 17. Schooling is years completed,
both unconditionally and conditional on observing nonzero wages. Inpres effects are coefficient
estimates for difference-in-difference term SjTk, given program intensity Sj for district of birth j
and treatment dummy Tk for age group k. Market access is an inverse distance weighted sum of
1971 population densities across districts. I convert market access to a z-score and interpret units
in standard deviations. I control for age group, birth district, and survey year fixed effects; child
populations and enrollment rates in 1971; and Inpres water and sanitation spending from 1973 to
1978. I cluster standard errors by birth district based on 1973 boundaries. Data: Susenas surveys
(2011-14), Bappenas reports (1973-78), census reports (1971).
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Table B7: Spatial controls

IV: 20 km IV: 50 km

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.0912** 0.0928* 0.0283*** 0.0735* 0.0634 0.0401***
(0.0405) (0.0475) (0.0104) (0.0444) (0.0629) (0.0129)

Inpres effect × MA 0.0816* 0.153*** 0.0378*** 0.101** 0.169*** 0.0375***
(0.0465) (0.0546) (0.0115) (0.0503) (0.0596) (0.0118)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 264,307 98,413 98,413 264,307 98,413 98,413
Control mean 6.695 8.434 9.195 6.695 8.434 9.195
F-statistic 119.6 54.09 54.09 17.59 6.264 6.264

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
I include spatial controls in the form of cubic polynomials of district centroid coordinates. IV
regressions instrument for labor market access with faraway variation, excluding districts within 20
and 50 km. I compare individuals of age 2 to 6 versus 12 to 17. Schooling is years completed, both
unconditionally and conditional on observing nonzero wages. Wages are log hourly net wages in
year-2011 Indonesian rupiah from an individual’s main job. Inpres effects are coefficient estimates
for difference-in-difference term SjTk, given program intensity Sj for district of birth j and treatment
dummy Tk for age group k. Market access is an inverse distance weighted sum of 1971 population
densities across districts. I convert market access to a z-score and interpret units in standard
deviations. I control for age group, birth district, and survey year fixed effects; child populations
and enrollment rates in 1971; and Inpres water and sanitation spending from 1973 to 1978. I cluster
standard errors by birth district based on 1973 boundaries. Data: Susenas surveys (2011-14),
Bappenas reports (1973-78), census reports (1971).
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Table B8: Largest markets

Excluding Jakarta Excluding Jabodetabek

Years of
schooling

Years of
schooling

Log
wages

Years of
schooling

Years of
schooling

Log
wages

Inpres effect 0.130*** 0.170*** 0.0421*** 0.133*** 0.173*** 0.0419***
(0.0395) (0.0425) (0.00995) (0.0396) (0.0426) (0.00998)

Inpres effect × MA 0.106** 0.156*** 0.0278** 0.108** 0.157*** 0.0281**
(0.0507) (0.0578) (0.0121) (0.0511) (0.0579) (0.0121)

Age group FE x x x x x x
Birth district FE x x x x x x
Survey year FE x x x x x x

Observations 260,321 96,050 96,050 256,400 94,024 94,024
Control mean 6.656 8.398 9.188 6.662 8.419 9.191
F-statistic 290.2 246.1 246.1 559.8 519.6 519.6

Each column is one regression, and each observation is one male individual of age 2 to 24 in 1974.
Jakarta regressions exclude individuals born in the five districts of the Special Capital Region
of Jakarta. Jabodetabek regressions additionally exclude the greater metropolitan area, covering
modern-day Bogor, Depok, Tangerang, and Bekasi. I compare individuals of age 2 to 6 versus 12 to
17. Schooling is years completed, both unconditionally and conditional on observing nonzero wages.
Wages are log hourly net wages in year-2011 Indonesian rupiah from an individual’s main job. Inpres
effects are coefficient estimates for difference-in-difference term SjTk, given program intensity Sj for
district of birth j and treatment dummy Tk for age group k. Market access is an inverse distance
weighted sum of 1971 population densities across districts. I convert market access to a z-score and
interpret units in standard deviations. I control for age group, birth district, and survey year fixed
effects; child populations and enrollment rates in 1971; and Inpres water and sanitation spending
from 1973 to 1978. I cluster standard errors by birth district based on 1973 boundaries. Data:
Susenas surveys (2011-14), Bappenas reports (1973-78), census reports (1971).
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C Model and Estimation

I derive expressions for migration, education, wages, production, and human

capital. I also derive the key estimating equations. I then extend the model to

include endogenous goods prices.

C.1 Preliminaries

I collect several expressions before proceeding to derivations. First, recall the

definitions of labor market access and location utility.

MAjk =
∑
ℓ

ṽθjkℓ, ṽjkℓ =
aℓrℓsjkℓ
τmjkℓ

(21)

Second, I define the following expected values of schooling shock ϵ.

ϵ̄ = E[ϵ−
1

1−η ], ϵ̃ = E[ϵ−
η

1−η ] (22)

for human capital elasticity η. Each is a constant, as schooling shocks are IID. Third,

conditional on choosing destination ℓ, the expected value of skill shock εℓ is

E[εℓ | choose ℓ] = γm̄
− 1

θ
jkℓ (23)

for migration probability m̄jkℓ, scalar γ = Γ(1 − 1
θ
), and gamma function Γ(a) =∫∞

0
xa−1e−xdx. Hsieh et al. (2019) derive this expression on appendix page 4 for

choice shocks that follow Fréchet distribution F (ε1, . . . , εL) = exp{−
∑

ℓ ε
−θ
ℓ }. Pos-

itive selection arises because high values of εℓ increase the likelihood of observing

choice ℓ, especially for choices with otherwise low probabilities m̄jkℓ.

C.2 Labor utility and wages

Education e yields labor utility v̄jk(e) in expectation of skill shocks ε = {εℓ} and

destination choice ℓ. I evaluate this utility as folllows.

v̄jk(e) = E[max
ℓ

vjkℓ(e, εℓ) | e] = eη
∑
ℓ

m̄jkℓṽjkℓE[εℓ | choose ℓ] = γeηMA
1
θ
jk
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The first equality starts with definition 6 for expected labor utility v̄jk(e) and substi-

tutes definitions 7, 8, and 21. The second applies the Law of Iterated Expectations

over destinations ℓ. The third simplifies, noting that

m̄jkℓṽjkℓE[εℓ | choose ℓ] = γṽjkℓm̄
1− 1

θ
jkℓ = γṽθjkℓMA

1
θ
−1

jk .

The first equality substitutes equation 23 for conditional skill shock E[εℓ | choose ℓ],

and the second applies equations 11 and 21. I can similarly evaluate the expected

wages w̄jk(e) from labor.23

w̄jk(e) = E[max
ℓ

wjkℓ(e, εℓ) | e] = eη
∑
ℓ

m̄jkℓrℓsjkℓE[εℓ | choose ℓ] = γeηMA
1
θ
jk

(∑
ℓ(

τmjkℓ
aℓ

)ṽθjkℓ
MAjk

)

Labor utility and wages coincide when τmjkℓ = aℓ for all ℓ. Perfect mobility and

homogeneous amenities yield one such case.

C.3 Education

Education maximizes utility ujk(ϵ). The trade-off is that education raises ex-

pected labor utility tomorrow, but it incurs education costs today. The maximization

problem is given by definition 5 for utility ujk(ϵ). I substitute the above expression

for expected labor utility v̄jk(e), and I solve the first order condition.

e = argmax
e

{
γeηMA

1
θ
jk − eτ ejkϵ} =

(
γηMA

1
θ
jk

τ ejkϵ

) 1
1−η

Schooling shocks ϵ allow education to vary individually. Aggregating over individuals,

ējk = E[e] =
(
γηMA

1
θ
jk

τ ejk

) 1
1−η

E[ϵ−
1

1−η ] =

(
γηMA

1
θ
jk

τ ejk

) 1
1−η

ϵ̄

The first equality defines the expectation. The second substitutes education e and

applies the expectation. The third applies definition 22 for ϵ̄. Taking logs,

(1− η) log ējk = log γ + log η + (1− η) log ϵ̄+
1

θ
logMAjk − log τ ejk. (24)

23 For completeness, I note that m̄jkℓrℓsjkℓE[εℓ | choose ℓ] = γrℓsjkℓm̄
1− 1

θ

jkℓ = γ
( τm

jkℓ

aℓ

)
ṽθjkℓMA

1
θ−1

jk .
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C.4 Wages

Wages reward human capital. By equations 8 for wages and human capital,

w = wjkℓ(e, εℓ) = rℓe
ηsjkℓεℓ.

Skill shocks εℓ allow wages to vary individually. Aggregating over individuals,

w̄jkℓ = E[w | choose ℓ] = rℓE[eη]sjkℓE[εℓ | choose ℓ] =

(
γτmjkℓMA

1
θ
jk

aℓ

)(
ējk
ϵ̄

)η

ϵ̃.

The first equality defines the expectation. The second substitutes wages w and applies

the expectation, noting that schooling and skill shocks are uncorrelated. The third

substitutes equation 23 for conditional skill shocks E[εℓ | choose ℓ] and rewrites with

equation 11 for migration probabilities m̄jkℓ. It also substitutes

E[eη] =
(
γηMA

1
θ
jk

τ ejk

) η
1−η

E[ϵ−
η

1−η ] =

(
ējk
ϵ̄

)η

ϵ̃

for ϵ̃ as given by definition 22. Taking logs,

log w̄jkℓ = log γ + log ϵ̃− η log ϵ̄− log aℓ + η log ējk +
1

θ
logMAjk + log τmjkℓ. (25)

C.5 Migration

Migration maximizes labor utility Ujkℓ among the choice set of destinations ℓ.

m = argmax
ℓ

ṽjkℓεℓ

Skill shocks εℓ across locations allow migration choices to vary individually. I note that

skill shocks allow for individual variation in both wages and migration because there

are independent shocks for each location. For an individual observed in destination ℓ,

skill shock εℓ for that destination can rationalize any observed wage. Fixing εℓ, skill

shocks {εℓ′} in other destinations ℓ′ ̸= ℓ can rationalize the observed migration to ℓ.

That is, even if εℓ is low, lower values for {εℓ′} will rationalize choosing ℓ. Aggregating
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over individuals,

m̄jkℓ = P[ṽjkℓ′εℓ′ ≤ ṽjkℓεℓ] ∀ℓ′

=

∫ ∞

0

∂

∂εℓ
exp

{
−
∑
ℓ′

(
ṽjkℓεℓ
ṽjkℓ′

)−θ}
dεℓ

=

∫ ∞

0

exp

{
− ε−θ

ℓ

(∑
ℓ′ ṽ

θ
jkℓ′

ṽθjkℓ

)}
θε−θ−1

ℓ dεℓ

=
ṽθjkℓ∑
ℓ′ ṽ

θ
jkℓ′

[
exp

{
−
∑
ℓ′

(
ṽjkℓεℓ
ṽjkℓ′

)−θ}]∞
0

=
ṽθjkℓ∑
ℓ′ ṽ

θ
jkℓ′

Fréchet shocks give choice probabilities of familiar form. The first equality defines the

probability. The second computes the probability with Fréchet CDF F (ε1, . . . , εL) =

exp{−
∑

ℓ ε
−θ
ℓ } over candidate values of εℓ. The third computes the Fréchet PDF, the

fourth integrates, and the fifth simplifies. Note that F = 1 for εℓ → ∞ and F = 0

for εℓ → 0 given support (0,∞). I take logs and substitute definitions 21 for location

utility ṽjkℓ and labor market access MAjk.

log m̄jkℓ = θ log aℓ + θ log rℓ + θ log sjkℓ − θ log τmjkℓ − logMAjk (26)

C.6 Production and human capital

By equations 12 and 13 for production Yℓ and wage rates rℓ, I can write produc-

tion as a function of wage rates and total human capital Hℓ in a location.

Yℓ =
rℓHℓ

κ

In each location, production depends on the total human capital Hℓ in that location.

Total human capital sums over individuals, and I define total wages simlarly.

Hℓ =
∑
j, k

Njkm̄jkℓh̄jkℓ, Wℓ =
∑
j, k

Njkm̄jkℓw̄jkℓ

for populations Njk, migration probabilities m̄jkℓ, average human capital h̄jkℓ, and

average wages wjkℓ.

Human capital is proportional to wages at all levels of aggregation: individual,
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average, and total.

h = hjkℓ(e, εℓ) =
w

rℓ
, h̄jkℓ = E[h | choose ℓ] =

w̄jkℓ

rℓ
, Hℓ =

Wℓ

rℓ

The left expression holds at the individual level. It follows from equations 8. The

middle expression holds on average. It aggregates with conditional expectations over

skill shocks εℓ, with the first equality defining the expectation and the second applying

that wages w̄jkℓ = E[w | choose ℓ]. The right expression holds in total. It follows from

the definitions of Hℓ and Wℓ. Combining the above, I can express production in terms

of total wages.

Yℓ =
Wℓ

κ

C.7 Estimating equations

I derive two main estimating equations. First, I subtract education equation 24

from wage equation 25.

log w̄jkℓ − log ējk = log ϵ̃− log ϵ̄− log η − log aℓ + log τ ejk + log τmjkℓ

Second, I apply migration equation 26 to wage equation 25. I rewrite equation 26 to

express labor market access MAjk in terms of migration m̄jkℓ, then I substitute into

equation 25.

log w̄jkℓ = log γ + log ϵ̃− η log ϵ̄+ log rℓ + η log ējk −
1

θ
log m̄jkℓ + log sjkℓ

C.8 Extension: goods markets

I can extend the model to allow for goods markets alongside labor markets with

endogenous goods prices. Setting κ = 1 for simplicity, output Yℓ depends on goods

prices pℓ and production Gℓ, where production combines productivity Aℓ and human

capital Hℓ.

Yℓ = pℓGℓ, Gℓ = AℓHℓ
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Competitive labor markets imply that wage rates rℓ reflect marginal productivity.

rℓ =
∂Yℓ

∂Hℓ

= pℓAℓ

Perfectly competitive manufacturers produce final goodG from location-specific goods

Gℓ with constant elasticity of substitution σ > 1. They sell at fixed price p.

Y = pG, G =

(∑
ℓ

G
σ−1
σ

ℓ

) σ
σ−1

Manufacturers purchase location-specific goods at prices pℓ with costless trade across

locations. Competitive goods markets imply that prices reflect marginal productivity.

pℓ =
∂Y

∂Gℓ

= p

(
Y

Yℓ

) 1
σ

Thus, for a given location ℓ, human capital Hℓ has two effects on output Yℓ. Rewriting

output as Yℓ = rℓHℓ shows these effects neatly. The direct effect of human capital

is to increase output. The indirect effect is to decrease wage rates rℓ, which fall as

added output suppresses prices pℓ. The indirect effect attenuates the direct effect.
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D Counterfactuals

I derive exact-hat expressions with notation x̂ = x′

x
in changes for counterfactual

x′ and baseline x. The goal is to characterize how production responds to changes

(τ̂ ejk, τ̂
m
jkℓ) in education and migration costs, accounting for equilibrium changes r̂ℓ in

wage rates. To this end, consider candidate changes r̂ℓ and take them as given.

On the demand side, recall HD
ℓ = (κAℓ

rℓ
)

1
1−κ for production elasticity κ, produc-

tivities Aℓ, and wage rates rℓ. Changes in demand are

ĤD
ℓ =

HD′

ℓ

HD
ℓ

= r̂
− 1

1−κ

ℓ .

Productivities are fixed, and so they cancel. Changes r̂ℓ are as given, and parameter

κ is as previously estimated.

On the supply side, recallHS
ℓ = Wℓ

rℓ
for total wagesWℓ and wage rates rℓ. Changes

in supply are

ĤS
ℓ =

HS′

ℓ

HS
ℓ

=
Ŵℓ

r̂ℓ
.

Changes r̂ℓ are again as given. For Ŵℓ =
∑

j, k Njkm̄
′
jkℓw̄

′
jkℓ∑

j, k Njkm̄jkℓw̄jkℓ
, I require counterfactual

terms

m̄′
jkℓw̄

′
jkℓ = m̄jkℓw̄jkℓm̂jkℓŵjkℓ,

where I write changes (m̂jkℓ, ŵjkℓ) rather than ( ˆ̄mjkℓ, ˆ̄wjkℓ). I compute baseline m̄jkℓw̄jkℓ

from observed (m̄jkℓ, w̄jkℓ). Substituting equations 10 and 11, these terms satisfy

m̄jkℓw̄jkℓ =
ϵ̃(γηη)

1
1−η aθ−1

ℓ rθℓs
θ
jkℓ

(τ ejk)
η

1−η (τmjkℓ)
θ−1(MAjk)

1− 1
θ(1−η)

.

In changes, it follows that

m̂jkℓŵjkℓ =
r̂θℓ

(τ̂ ejk)
η

1−η (τ̂mjkℓ)
θ−1(M̂Ajk)

1− 1
θ(1−η)

.

Scalars (ϵ̃, γ, η), amenities aℓ, and skill sjkℓ are fixed, and so they cancel. Changes

(r̂ℓ, τ̂
e
jk, τ̂

m
jkℓ) are as given, and parameters (η, θ) are as previously estimated. I compute
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changes M̂Ajk from equation 21 for labor market access.

M̂Ajk =
MA′

jk

MAjk

, MA′
jk =

∑
ℓ

(
aℓr

′
ℓsjkℓ
τm

′
jkℓ

)θ

, MAjk =
∑
ℓ

(
aℓrℓsjkℓ
τmjkℓ

)θ

Amenities aℓ and skill sjkℓ are fixed, but they do not cancel because of the summa-

tion. Baseline (aℓ, rℓ, sjkℓ, τ
m
jkℓ) and parameter θ are as estimated, and counterfactual

(r′ℓ, τ
m′

jkℓ) are as given by r′ℓ = rℓr̂ℓ and τm
′

jkℓ = τmjkℓτ̂
m
jkℓ. Baseline (aℓ, rℓ, sjkℓ, τ

m
jkℓ) need

not be estimated in levels, as normalizations cancel when computing M̂Ajk. With

M̂Ajk in hand, I work backward to obtain m̂jkℓŵjkℓ, m̄
′
jkℓw̄

′
jkℓ, Ŵℓ, and lastly ĤS

ℓ .

Taking stock, I begin with counterfactual changes (τ̂ ejk, τ̂
m
jkℓ) for education and

migration costs, I consider candidate changes r̂ℓ for wage rates, and I compute changes

(ĤD
ℓ , ĤS

ℓ ) as above for human capital demand and supply. Fixing (τ̂ ejk, τ̂
m
jkℓ), I consider

many candidates r̂ℓ, and I compute many changes (ĤD
ℓ , ĤS

ℓ ) across locations. I stop

when I find the set r̂ = {r̂ℓ} that satisfy equilibrium conditions

ĤD
ℓ = ĤS

ℓ ∀ ℓ.

These conditions in changes are equivalent to conditions 15 in levels because markets

also clear in baseline equilibrium.24 Thus, for any changes (τ̂ ejk, τ̂
m
jkℓ) in education

and migration costs, I obtain equilibrium changes (r̂ℓ, Ĥℓ) in wage rates and human

capital for each location. Recalling that production Yℓ =
rℓHℓ

κ
, in changes I obtain

Ŷℓ = r̂ℓĤℓ.

To reach this point, I require data (m̄jkℓ, w̄jkℓ), parameters (κ, η, θ), and estimates

(aℓ, rℓ, sjkℓ, τ
m
jkℓ). Estimates need not be identified in levels.

24 In levels, equilibrium conditions 15 require that HD′

ℓ = HS′

ℓ for counterfactual (HD′

ℓ , HS′

ℓ ). The

condition becomes HD
ℓ ĤD

ℓ = HS
ℓ Ĥ

S
ℓ because, by definition, HD′

ℓ = HD
ℓ ĤD

ℓ and HS′

ℓ = HS
ℓ Ĥ

S
ℓ

for baseline (HD
ℓ , HS

ℓ ) and changes (ĤD
ℓ , ĤS

ℓ ). But H
D
ℓ = HS

ℓ in baseline equilibrium, and so the

condition simplifies to ĤD
ℓ = ĤS

ℓ in changes.
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Figure D1: Person- vs. place-based inequality

(a) Baseline

(b) Halved migration costs

I vary the objective function holding fixed weight λ0 = 0 on aggregate output Y . I thus vary weight
λ1 ∈ [0, 1] on person-based inequality D1, which in turn affects weight λ2 = 1 − λ1 on place-based
inequality D2. For both y-axis, higher is better. The left axes are percentage decreases in D1

relative to zero construction, with D1 entering the objective function negatively. The right axes are
percentage increases in D2 relative to zero construction, with D2 entering the objective function
negatively and thus flipped axes in the figures. The bottom figure repeats the exercise of the top
figure under 50% lower migration costs. Data: Susenas surveys (2011-14), Bappenas reports (1973-
78), census reports (1971).
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