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Abstract:
We estimate heterogeneity in returns to schooling in Indonesia using a non-parametric method 
of local instrumental variables. In this paper we estimate average and marginal returns to 
upper secondary schooling in Indonesia, using data from the Indonesia Family Life Survey 
(IFLS). In order to account for the fact that schooling is unlikely to be exogenous in the 
population, we instrument the schooling choice with the distance to the nearest secondary 
school, measured in traveling time. We do not focus on a single instrumental variable 
parameter, but instead we estimate a range of average returns for different individuals. In 
particular, we estimate the marginal treatment effect. We estimate that the return to upper
secondary schooling varies widely across individuals with unobserved characteristics: it can 
be as high as 200% or as low as 0%. Our results can be informative about the distributional 
consequences of extending the upper secondary schooling system.
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1. Introduction

Indonesia has an impressive record of educational expansion since 1970’s. The  gross 

enrollment rates for elementary schooling are universal and are around 75% for the 

secondary education (Beegle and Newhouse, 2006).  There is ongoing effort to extend 

universal education attainment to the secondary level through higher government 

expenditure on this sector. We argue that it is important to analyze the distributional 

consequences of such an educational expansion arising from heterogeneity in treatment 

effects. The returns for the marginal person attracted by decreased costs of upper 

secondary schooling may not be the same as the returns for the average person in the 

population. Hence, average returns estimated using standard instrumental variables 

approaches may mask considerable inequality in returns. Our finding of large 

heterogeneity in returns for unobservable characteristics raises an important policy 

relevant question, whether educational expansion at the secondary level can be combined 

with efforts to bridge the gap in the inequality in returns. There is growing evidence that 

some skills are not substitutable over life-time. Therefore, efforts such as improvement in 

quality of education at primary level or even earlier pre-school interventions could 

remove the disadvantages that hinder some of the students in secondary school. 

Rates of return to schooling have been estimated for most countries in the world for 

which micro data is available (see, e.g., Psacharopoulos and Patrinos, 2004). However, 

many of these estimates, especially for developing countries, are based on correlations 

between education and wages, and fail to account for the non-random allocation of

schooling in the population (e.g., Card, 2001). Recently, some studies have emerged for 

developing countries where the endogeneity of schooling is accounted for through the use 

of instrumental variables. For example Maluccio (1998) uses distance to school as an

instrument for estimating return to schooling in the Philipines, Duflo (2001) uses a school 

construction program as the instrument in Indonesia, and Patrinos and Sakellariou (2005) 

instrument account for endogeneity of schooling by the change in the compulsory 

schooling law in Venezuela.  

Instrumental variables estimates (IVE) could be good guides for education policy if 

the return to schooling is assumed to be common for all individuals in the economy. In 
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that case IVE identifies the average treatment effect and a single parameter is sufficient to 

characterize the mean impact of schooling on wages. However, when the return to 

schooling varies across population and individuals decide to participate in schooling 

based on their idiosyncratic gains, the standard features of IVE break down and mean 

impact parameters are not generally recoverable. In this setting IVE estimates are 

identified but not easily interpretable (see Imbens and Angrist, 1994, Card, 2001,

Carneiro, Heckman and Vytlacil, 2006).

For instance, consider a hypothetical comparison of two educational programs that 

assumes absence of general equilibrium effects: compulsory schooling or tuition 

subsidies. The two programs may attract different groups of individuals:a tuition subsidy 

attracts people with positive net benefit, while compulsory schooling policy affects the 

entire population. Hence, compulsory education may even have a lower average 

individual impact on wages, by virtue of who is attracted, than a policy of tuition.

Therefore, it is useful to move beyond instrumental variables estimates, and analyze how 

the returns to schooling vary across individuals, and who are the individuals most likely 

to be induced to go to school by a specific policy or a reform (e.g., Heckman and 

Vytlacil, 2001).

In this paper we estimate average and marginal returns to upper secondary schooling 

in Indonesia, using data from the Indonesia Family Life Survey (IFLS). Our estimates of 

the returns to schooling are slightly higher than the returns to schooling for Indonesia

found in Duflo (2000) with the qualification that the dataset, the instrumental variable, 

and the time period are not the same. However, unlike Duflo (2000) we allow for a more

general empirical model that relaxes the common impact assumption, and explicitly 

accounts for the unobserved heterogeneity by using the method of local instrumental 

variables (Heckman and Vytlacil, 2005). Instead of focusing on a single instrumental 

variable parameter, we estimate a range of returns for different individuals. In particular, 

we estimate the Marginal Treatment Effect, a parameter introduced by Bjorklund and 

Moffitt (1987). Our results indicate that the return to upper secondary schooling varies 

significantly across individuals: it can be as high as 200% or as low as 0% depending on 

unobservable characteristics. Our methods allow us to estimate interpretable population 

estimates of returns such as average treatment effect (ATE = 86.3%), treatment on treated 
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(ATT=102.3%) and treatment on untreated (ATU = 77.85%.). We find that despite the 

heterogeneity, the return for the average individual (ATE) with upper secondary 

schooling is very similar to the IV estimate, however this is not guaranteed to happen. 

The next secion discusses the data, Section 3 presents the econometric framework 

which is used in section 4 to understand the importance of heterogeneity and selection in 

the returns to schooling. Section 5 concludes.

2. Data 

     

We use the third wave of the Indonesia Family Life Survey (IFLS3) fielded in 20001.  

Our sample consists of 2445 adults aged 25-60 who are employed in the labor market, 

reported non-missing wages and provide information on schooling and their place of 

residence at age of 12. Table 1 presents descriptive statistics on the main variables used 

in our analysis. It shows that individuals with upper secondary or higher levels of 

education have, on average, 72% higher wages than those with lower education. The

respondents with an upper secondary education are younger, more likely to have better-

educated parents, live in towns or cities at age 12, and live closer to upper secondary 

schools, compared to those with less than an upper secondary education.

3. A Semi-Parametric Selection Model

Our empirical strategy is based on the framework developed by Heckman and 

Vytlacil (2000, 2005) and Carneiro, Heckman and Vytlacil (2005). In order to understand 

the patterns of heterogeneity and selection in the returns to schooling in Indonesia we 

estimate a selection model with two schooling levels:
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    (1)  

0if1  sUZS     (2) 

Where, 1Y are log wages of individuals with upper secondary education and above, 0Y are 

log wages of individuals without upper secondary education, X is a vector of observable 

                                                
1 For a description of the survey see Strauss, J., K. Beegle, B. Sikoki, A. Dwiyanto, Y. Herawati and F. 
Witoelar. "The Third Wave of the Indonesia Family Life Survey (IFLS): Overview and Field Report", 
March 2004. WR-144/1-NIA/NICHD.
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characteristics that might affect wages, and 01 andUU are the error terms. Z is a vector of 

characteristics affecting the schooling decision. It will also be convenient to rewrite the 

selection equation as:

VZPS  )(if1     (3)

where )(and)()( SUU UFVZFZP
SS

  and 
SUF is cumulative distribution function of 

Us , V is distributed uniformly, which is an innocuous assumption given that US can have 

any density. Finally, observed wages are:

01 )1( YSSYY      (4)

Notice that the return to schooling is

010101 )( UUXYY       (5)

and it varies across individuals with different X’s and different U1, U0. For identification

Z must be independent of U1 and U0. Furthermore, Z needs to be continuous and with 

large support, and it has to be a strong determinant of the schooling decision. In practice 

we will use a stronger assumption: X,Z is independent of U1, U0, US. As a result, instead 

of requiring continuity and large support in Z, we only require these for P(Z).2 The main 

parameter of interest in our analysis is the marginal treatment effect (or MTE, a

parameter introduced in Bjorklund and Moffitt, 1987, and developed in Heckman and 

Vytlacil, 1999, 2000, 2005) that in our notations can be expressed as:

       1 0 1 0 1 0 1 0( , ) | , E |  MTE x v E Y Y X x V v x U U V v                  (6) 

The MTE measures how the average return to schooling varies for individuals with 

different levels of observed (X) and unobserved (V) heterogeneity. 

Assuming that the unobservables in the wage and selection equations are jointly 

normally distributed the MTE can be estimated a standard switching regression model

(see Heckman, Tobias and Vytlacil, 2001). That model relies on strong assumptions 

about the distribution of the error terms in equation (1). Instead, we use the method of 

local instrumental variables (Heckman and Vytlacil, 2000) that imposes no distributional

assumptions on the unobservables of the model. In particular, Heckman and Vytlacil 

(2000) show that:

                                                
2 See Heckman and Vytlacil (2005), and Carneiro, Heckman and Vytlacil (2006), for a formal statement of 
the hypotheses of the model, and for details of its implementation.
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(K(P) is a function of P). Therefore, taking the derivative of (8) with respect to P, (7) 

becomes:

 
, 1 0

| ,
( , ) | ( ) '( )X x P v

E Y X P
MTE x v X K P

P
  


   


   (9)

Our estimation procedure has several steps. First, we estimate the propensity score P

assuming a probit model for the selection equation. Then we examine the support of P for 

individuals with S = 0 and S = 1. The MTE can only be estimated over the points of P in 

the intersection of these two sets (common support). We regress log wages on a set of 

explanatory variables (X), interactions of explanatory variables and the propensity score, 

and on the third degree polynomial of propensity score. We exclude from our sample

observations for which there is little overlapping support. Next, from (8) we compute the 

residual that only retains the unobserved heterogeneity: 

  0100   PXXYR     (10)

and run a nonparametric (local quadratic) regression of R on P to obtain K(P) and to 

derive K’(P). A simple test of heterogeneity in the impact by unobserved characteristics 

is a test of whether K’(P) is flat, or if E(Y |X, P) is nonlinear in P. If the derivative is flat 

heterogeneity is not important.

Conventional treatment parameters such as the Average Treatment Effect (ATE), 

Average Treatment on the Treated (ATT) and Average Treatment on the Untreated 

(ATU) can be estimated as weighted averages of the MTE for the corresponding sub-

populations, as proposed by Heckman and Vytlacil (2000, 2005). In particular:
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4. Empirical Results

4.1 Validity of IV 

To account for the fact that schooling is unlikely to be exogenous in the 

population we instrumented the schooling choice with the distance to the nearest 

secondary school, measured in traveling time3. We argue that the distance to school at 

should affect the probability of schooling and should have no effect on the adult wages.

Distance to the nearest school has been used as an instrument for schooling by Card 

(1995), Kane and Rouse (1995), Kling (2001), Currie and Moretti (2003), Cameron and 

Taber (2004) and Carneiro, Heckman and Vytlacil (2006). However, its use is not 

uncontroversial, because families and even schools may not randomly locate across 

Indonesia. For example, Carneiro and Heckman (2002) and Cameron and Taber (2004) 

show that individuals living closer to universities have higher levels of cognitive ability 

and come from better family backgrounds. Therefore, it is important to control for 

characteristics capturing the location decision of the household. In our paper we include

both household characteristics, such as parental education, and village characteristics, 

such as an indicator for whether the individual was living in a city or village at age 12, 

and dummies for the province, district and sub-district of residence. Therefore our 

identification comes from variation in school availability or distance to school between 

                                                
3 Similar instruments have been used in the literature by Card (1995), Kling (2001), Kane and Rouse 
(1995), Maluccio (1998), Currie and Moretti (2003), Cameron and Taber (2004), and Carneiro, Heckman 
and Vytlacil (2006).
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villages located within the same sub-district; our assumption is that, conditional on these 

detailed household and location controls, the location of schools is exogenous.

First, in Table 2 we examine whether distance to upper secondary school is 

correlated with the number of repeated grades as a measure of early school success, and 

whether the individual worked while in primary school, a measure of early educational 

environment. If our instrument is valid it should not be correlated with such early 

measures. Our results show no apparent correlation between distance to school and these 

measures, increasing our confidence in the validity of the instrument. This is true even 

after excluding several village and family controls from the regression.

4.2 Standard estimates of returns

In Table 3 we also show that distance to the nearest secondary school is a strong 

predictor of enrolment in secondary school. We include distance to health post as a proxy 

for location characteristics and reassuringly unlike distance to school, distance to health 

post does not predict school enrollment. We include all the Xs and the distance to upper 

secondary school, measured in time (minutes) at the time of the survey. We use log 

hourly wage in 2000 as our dependent variable. In order to compare our estimates with 

the rest of the literature, we present the results of OLS and IV linear regressions of log 

wages on years of schooling. We also report the coefficients on our instruments in the 

first stage regression, as well as an F-test for their joint significance. The first column in

Table 3 shows an OLS estimate of the return to schooling of 10%. The second column 

shows first stage of the 2SLS, that the distance to school is negatively related to school 

attainment: the coefficient is negative (the F-statistic is 7.98). Finally, column 4 shows 

the IV estimate of the return to schooling, which is about 14.7%. Our estimates of return 

to schooling are higher than those by Duflo(2001), although our wage data is slightly 

more recent. As in Duflo (2001) and the rest of the literature, IV estimates of the return to 

education are larger than OLS estimates of this parameter. As argued in Griliches (1977) 

and Card (2001), at first sight we would not expect the IV estimate to be above the OLS 

estimate. However, if the return to schooling varies across individuals this may well 

happen. Card (2001) suggests that such a finding indicates that the marginal individual 

induced to enroll in school by the change in the instrument has a higher return than the 



9

average individual. Carneiro, Heckman and Vytlacil (2006) show that IV estimates can 

be above OLS estimates even if the marginal individual has a lower return than the 

average, and show this to be the case for college attendance in the US. Another reason 

why IV can exceed OLS is measurement error in schooling. Although schooling is 

relatively well measured in the US (Card, 1999) and other developed countries, that is not 

necessarily the case in Indonesia. In the remaining of this paper we ignore measurement 

error, and focus instead on heterogeneity.

Since the remaining of the paper deals with the case of binary schooling, it is 

convenient to replicate table 3 using as independent variable a dummy for upper 

secondary school attendance. This is what we do in table 4, which shows basically the 

same patterns as in table 3. Most notably, the OLS estimate of the return to upper 

secondary schooling is 69.4%, while the IV estimate4 is 161.4%. Given that our 

instrument seems to be acceptable both in terms of strength and arguably in validity, and 

that our estimates of the returns to schooling are quite reasonable. For example 

Duflo(2001) finds a 10.6% economic return on education in Indonesia. We proceed to 

investigate the extent to which returns are heterogeneous, and we estimate several 

parameters of potential interest.

4.3 Average and Marginal Treatment effect estimates

In order to calculate the average and marginal treatment effect we define two 

schooling categories: i) completed lower secondary or below, and ii) attendance of upper 

secondary or above. This division ignores the fact that in reality there are many more 

levels of schooling, but it simplifies the model and is standard in many studies of the 

returns to schooling (e.g., Willis and Rosen, 1979, Taber, 2001, Carneiro, Heckman and 

Vytlacil, 2005). Furthermore, we lack exogenous variation for every schooling transition

to estimate a model with more than one level of schooling. Therefore, the estimated 

return parameters in the case of two schooling categories should be interpreted as the 

return to upper secondary schooling or above. We construct P as a predicted probability 

                                                
4 Any person attending upper secondary school would on average have attended 10-12 years of school. 
Therefore using back of the envelope calculations we can back out the return for additional year of 
education, for example if a student attended 11th grade the our IV estimate of 1.614 implies 14.6% return 
which squares well with our IV estimate for years of schooling in Table 3
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of a probit regression of schooling on the X and Z variables of section 3. Table 5 reports 

the coefficients of our model estimated by the method of local instrumental varialbes. In 

addition to the variables reported in the table, this model includes dummy variables for

province, district and sub-district of residence. All coefficients have the expected sign. 

The coefficient on the distance variable is strong and negative. The coefficients on the Xs 

have the expected signs, parental education is positively related to school attendance and 

individuals who lived in the village at age 12 are less likely to go to upper secondary 

school. Table 6 shows the bootstrapped results for a simple test of essential 

heterogeneity, described in section 2, where the coefficients on the non-linear terms of P

are statistically significant. Therefore the MTE is not flat, which means that heterogeneity 

in returns is important empirically.

Figure 1 presents the distributions of the predicted P for individuals in S = 0 and in S

= 1. The supports for these distributions overlap almost completely, although the support 

at the tails is thin, especially for those individuals for whom S = 0. Because of lack of 

support at the extremes of the distribution of P, in the rest of the analysis we only use 

individuals for whom P is between 0.05 and 0.90 (2445 observations). This means that all 

our results are restricted to this population (see Heckman and Vytlacil, 2005, Carneiro, 

Heckman and Vytlacil, 2005). In particular, we cannot estimate ATE, ATT AND ATU 

for individuals with extreme values of V. We interpret our estimates of such parameters 

as conditional on the support of the data. Finally we compute  00  XYR  as 

described in section 2, and to estimate K(P) we run a local quadratic regression of R on P, 

using a Gaussian kernel and a bandwidth of 0.2. The implied MTE(v) is computed by 

calculating the slope on the linear term of the local quadratic regression as in (9).

Figure 2 shows that the MTE is monotonically decreasing, taking positive and high

values for low V’s (individuals who are likely to enroll in upper secondary school or 

facing high costs), and low values for individuals who are unlikely to enroll in upper 

secondary school (and therefore have high V’s ). The bootstrapped 5-95% confidence 

interval is also plotted. The figure demonstrates a large heterogeneity in the returns to 

schooling that range from 200% for individuals with V around 0.2 to 0% for those with V 

close to 0.7. The fact that returns are the lowest for individuals who are least likely to go 
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to school is consistent with a simple economic model where agents sort themselves based 

on their comparative advantage. 

The main treatment parameters are presented in table XXX (5%-95% bootstrapped 

confidence intervals are presented in parenthesis). ATE is the average treatment effect;

TT is treatment on the treated and TUT is treatment on the untreated. In reality these 

parameters are not identified in our data because we do not have full support. As 

mentioned above, the correct way to interpret these numbers is conditional on the 

observed support of the data (0.05 < P < 0.90). The return to upper secondary school for a 

random person is 86.35%. The returns for the individuals who was enrolled in the upper 

secondary schooling is considerably higher, at 102.26%.(SE) If individuals who did not 

go to upper secondary school would have gone there, they could expect the returns of 

77.85%.(SE).

5. Conclusion

In this paper we estimate the returns to upper secondary schooling in Indonesia using 

data from the IFLS. We estimate that ATE = 86.3%, ATT = 102.3% and ATU = 77.85%.

We find that there is a considerable degree of heterogeneity in returns to schooling, with 

returns being as high as 150% for individuals very likely to attend upper secondary 

schooling and as low as 0% or even negative for those who are not likely to attend.

Indonesia has an impressive record of educational expansion since 1970’s. The 

enrollment rates are nearly universal for elementary schooling and are around 75% for 

the secondary education. There is ongoing effort to extend universal education attainment 

to the secondary level. And although enrollment in secondary education continues to rise 

we find striking inequality in returns to education. The individuals who are most likely to 

be attracted by educational expansion at the upper secondary level are also the ones with 

the lowest returns. The policy relevant question arises, whether efforts at educational 

expansion can also bridge the gap in the inequality in returns. There is a growing body of 

literature that argues that human capital outcomes later in life are largely determined 

early in life (Cunha  and  Heckman, 2007; Heckman and Masterov, 2007). It is therefore 

important for the design of schooling policy to determine whether the inequality in 

secondary schooling outcomes can be remedied at earlier stages for example during 
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elementary education or even earlier. In an impressive drive to increase the quantity of 

education, there should be a renewed emphasis on quality of education that ensures a 

more relevant learning environment for the disadvantaged children that reduces the 

inequity in lifetime outcomes. This can be achieved by raising the return for the marginal 

student, and therefore the increased equity need not cost in terms of efficiency. 
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Table 1: Sample statistics
More than 

upper 
secondary

Less than 
upper 

secondary 
School

Difference
SE of 

difference

N=1027 N= 1418
Log hourly wages 8.207 7.491 0.716 0.035
Age 37.024 38.877 -1.852 0.378
Religion Protestant 0.050 0.020 0.029 0.007
Catholic 0.026 0.008 0.018 0.005
Other 0.063 0.044 0.019 0.009
Father's education elementary 0.515 0.513 0.002 0.020
secondary and higher 0.337 0.060 0.277 0.015
missing 0.010 0.025 -0.016 0.006
Mother's education elementary 0.493 0.410 0.082 0.020
secondary and higher 0.206 0.022 0.185 0.012
missing 0.080 0.112 -0.032 0.012
Type of place at age 12, village 0.532 0.733 -0.202 0.019
Town 0.301 0.206 0.095 0.018
City 0.167 0.061 0.107 0.012
Moved since age 12 0.352 0.241 0.110 0.018
Rural 0.242 0.476 -0.234 0.019
Distance in minutes 9.031 9.805 -0.774 0.252

Note: With the exception Father’s elementary education all differences are significant at 5   

Table 2: Regression of junior secondary education experience on distance to school
Failed grade No of repeats Worked
coef se coef se coef se

Distance to school in minutes -0.002 0.006 -0.005 0.006 0.005 0.008
Age 0.002 0.006 0.003 0.006 -0.002 0.009
Age Squared 0.000 0.000 -0.000 0.000 0.000 0.000
Protestant 0.001 0.021 0.011 0.027 0.026 0.044
Catholic 0.017 0.045 0.019 0.045 0.007 0.060
Other religions 0.048 0.077 0.049 0.078 -0.052* 0.031
Father's education elementary -0.004 0.020 -0.007 0.021 -0.037 0.026
Junior secondary or higher -0.008 0.022 -0.005 0.023 -0.045 0.029
Fathers education missing 0.009 0.045 0.009 0.046 0.057 0.103
Mothers education elementary -0.015 0.022 -0.011 0.021 0.016 0.027
Junior secondary or higher -0.025 0.026 -0.026 0.026 -0.057* 0.033
Mothers education missing -0.037* 0.019 -0.034* 0.019 -0.023 0.039
Lived in a village at age 12 -0.004 0.013 -0.001 0.013 -0.017 0.020
Ever moved since age 12 -0.001 0.010 -0.005 0.010 0.048** 0.019
Rural household 0.000 0.016 0.004 0.016 0.055** 0.024

Province, district and sub-district dummies suppressed
Distance to health post in min -0.009* 0.004 -0.008* 0.004 -0.012* 0.007
Number of observations 1,433 1,431 1,431
R2 0.064 0.063 0.088

note:  .01 - ***; .05 - **; .1 - *;
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Table 3: OLS and IV estimates of the return to a year of schooling
2SLS

OLS
First stage IV estimate

coef se coef se coef se
Years of education 0.100*** 0.005 0.147*** 0.054
Protestant 0.117 0.072 1.424*** 0.406 0.050 0.107
Catholic 0.033 0.131 1.599* 0.827 -0.041 0.147
Other religions 0.028 0.117 1.015 0.653 -0.025 0.133
Age 0.054*** 0.018 -0.004 0.077 0.055*** 0.017
Age Squared -0.000* 0.000 -0.000 0.001 -0.000* 0.000
Father elementary 0.060 0.050 1.763*** 0.233 -0.024 0.105
Father junior high 0.081 0.066 3.311*** 0.315 -0.077 0.189
Missing -0.032 0.122 -0.202 0.478 -0.025 0.123
Mother elementary -0.061 0.047 0.725*** 0.210 -0.096 0.059
Mother junior high -0.094 0.079 2.523*** 0.323 -0.215 0.156
Missing -0.170*** 0.056 0.258 0.305 -0.185*** 0.061
Lived in a village at age 12 0.022 0.037 -0.405** 0.172 0.041 0.044
Ever moved since age 12 0.054 0.035 0.737*** 0.179 0.018 0.058
Rural household 0.145*** 0.051 -0.300 0.304 0.166*** 0.057

Province, district and sub-district dummies suppressed
Distance to health post in min 0.001 0.014 0.010 0.094 0.003 0.013
Distance to school in minutes -0.064*** 0.023
_cons 5.333*** 0.349 7.128*** 1.897 5.029*** 0.497
Number of observations 2,445 2,445 2,445
F-test instruments 7.98
R2 0.295 0.360 0.260
note:  .01 - ***; .05 - **; .1 - *;
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Table 4: OLS and IV estimates of the return to upper secondary schooling
OLS First Stage IV estimates

coef se coef se coef se
Years of education 0.694*** 0.044 1.614** 0.653
Protestant 0.200*** 0.075 0.084* 0.047 0.124 0.106
Catholic 0.100 0.165 0.132* 0.072 -0.019 0.186
Other religions 0.109 0.128 0.035 0.072 0.068 0.139
Age 0.049** 0.019 0.008 0.009 0.042** 0.020
Age Squared -0.000 0.000 -0.000 0.000 -0.000 0.000
Father elementary 0.130** 0.051 0.153*** 0.025 -0.012 0.113
Father junior high 0.163** 0.068 0.360*** 0.036 -0.171 0.248
Missing 0.010 0.126 -0.086 0.063 0.084 0.152
Mother elementary -0.037 0.049 0.069*** 0.025 -0.100 0.066
Mother junior high -0.016 0.080 0.254*** 0.036 -0.254 0.181
Missing -0.169*** 0.059 0.041 0.034 -0.213*** 0.074
Lived in a village at age 12 0.012 0.038 -0.045** 0.021 0.054 0.053
Ever moved since age 12 0.089** 0.037 0.057*** 0.021 0.035 0.059
Rural household 0.128** 0.054 -0.027 0.031 0.165*** 0.062

Province, district and sub-district dummies suppressed
Distance to health post in min 0.001 0.018 0.000 0.009 0.004 0.017
Distance to school in minutes -0.006** 0.002
_cons 5.939*** 0.374 0.116 0.203 5.891*** 0.418
Number of observations 2,445 2,445 2,445
F-test instruments 5.63
R2 0.234 0.286 0.060
note:  .01 - ***; .05 - **; .1 - *;

Table 5: Probit regression of schooling choice
Schooling equation

coef se
Distance to school in minutes -0.019*** 0.007
Age 0.033 0.028
Age Squared -0.000 0.000
Protestant 0.292* 0.165
Catholic 0.483* 0.255
Other religions 0.164 0.244
Father elementary 0.526*** 0.080
Father junior high or higher 1.150*** 0.112
Missing -0.272 0.232
Mother elementary 0.189** 0.078
Mother junior high or higher 0.923*** 0.141
Missing 0.135 0.108
Lived in a village at age 12 -0.132* 0.069
Ever moved since age 12 0.149** 0.065
Distance to health post in min 0.001 0.028
Rural household -0.086 0.092
Province, district and sub-district dummies are suppressed
_cons -1.355** 0.635
Number of observations 2,561
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Table 6: Test for presence of heterogeneity
Observed 

Coef.
Bootstrap  
Std. Err.

Propensity score 5.101** 2.230
Squared -7.431*** 2.806
Cubed 4.449** 1.921
Age 0.039 0.032
Age Squared -0.000 0.000
Protestant 0.358 0.262
Catholic -0.129 0.454
Other religions 0.141 0.343

Fathers education elementary -0.146 0.160

Father junior secondary -0.172 0.421
Father's education missing 0.007 0.231
Mother education elementary -0.171 0.113
Mother junior secondary -0.922** 0.466
Mothers education missing -0.206* 0.120
Location at 12 village 0.118 0.093
Ever moved since 12 0.058 0.100
kmsd -0.020 0.022
Rural household 0.163 0.120

Province, district and subdistrict dummies are suppressed

Interactions of Xs with Propensity score suppressed

_cons 5.727*** 0.698
Number of observations 2,446
R2 0.156
Note: Standard errors are bootstrapped using 100 
replications



19

Figure 1: Propensity score support for each schooling group
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Figure 2: Marginal treatment effect
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