
include unrestricted age indicator variables.

The columns "Sibling Diff, Matched on Age" and "Sibling Diff, Matched on Age, Sex" show the

results of applying our semiparametric sibling difference estimator, where zijt includes age alone,

or age and sex. These estimators are nonparametric with respect to how age and gender affect

the outcomes. They also permit interactions between the fixed effect, age and gender. Because

these estimators restrict matched siblings to be of the same age and sex, they effectively exclude a

fraction of the sample in estimation. To assess how this exclusion affects the empirical estimates,

we also present as a benchmark in the last column of the table the standard sibling fixed effect

estimator, implemented using the matched data subsample.

As seen in Table 3a, most of the estimated coefficients have the expected sign and are statisti-

cally significant. In terms of magnitude, the most important determinants of current attendance

are the highest grade completed and lagged attendance. Having attended in the previous period

makes attendance in the current period much more likely, which is not surprising if children attend

school for consecutive periods and then drop out.26 Having just finished primary or secondary

school makes attendance less likely. Children whose parents have more education are also more

likely to attend school. The estimated coefficients on father’s and mother’s education are both

statistically significantly different from zero and are almost identical.

Results based on a standard difference-in-difference estimator indicate that the program in-

creases attendance by 3.5 percentage points. The estimate based on the "before-after" estimator

would suggest that the program had no effect on school attendance, although this estimate is far

outside the range of the others shown in the table. Using the sibling fixed effect estimator, we

obtain an estimate of 2.5 percentage points. The sibling difference estimators generally yield larger

estimates, ranging from 4.1-5.1 percentage points. The results shown in the last column, which im-

plements the sibling fixed effect estimator on the matched sample, suggests that the higher impact

26Many factors could explain this type of schooling pattern, such as a Ben-Porath (1969) type of investment model,
fixed costs of reentering after dropping out, or an opportunity cost of schooling that is rising with age.
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estimate obtained using the semiparametric estimators may be partly due to the restriction of the

sample to matched sibling pairs.

Table 3b shows the same set of results, obtained for the alternative comparison group of eligible

families living in non-intervention areas. The impact estimates are also positive, but they tend to

be smaller in magnitude than the ones in Table 3a. The estimates derived from the sibling-based

estimators range from 1.4-1.7.27

Table 4a and 4b present analogous results for the intrafamily specification, which includes

as additional conditioning variables summary measures of family composition and lagged sibling

outcomes. As noted in section three, estimating the intrafamily model requires application of

instrumental variables. The following variables are treated as endogenous: the difference between

siblings in the highest grade completed, the difference in the average highest grade completed,

the difference in the siblings’ lagged school attendance, the difference in the indicators of highest

grade completed equal to six or nine years, the difference in the number of children present in the

household, and the difference in the average age of children in the household. The set of instruments

include the mother’s and father’s highest grade completed, an indicator for whether the siblings

are twins, differences in the year indicator variables, the difference in the fraction of boys in the

household greater than six years old, and the age indicator variables.28 The instrument set also

includes the following variables that are measured at the time of the oldest sibling observation: the

number of children, attendance, indicators for highest grade completed equal to 6 or 9, fraction

of boys greater than or equal to six years old, average highest grade completed of all children,

average age of siblings, year indicators, and the treatment indicator. The use of these instruments

is justified by the structure of the dynamic model, as described in section three. The R-squares from

27The before-after estimate is not shown in this table, because it does not depend on the comparison group and
would be the same as in Table 3a.
28The estimation procedure matches children on age. Therefore, the age effect is eliminated by the differencing

and age can be used as an instrument. In specifications that also match on gender, we use gender as an additional
instrument.
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the first stage regressions range from 0.2 to 0.5. Interestingly, application of two stage least squares

in this context is not subject to the common problem of weak instruments, because the error term

in the first stage equation is uncorrelated with the error term in the second stage equation. 29

As seen in Tables 4a and 4b, the additional conditioning variables are statistically significant

at conventional levels, which we interpret as evidence that families do take into account siblings’

characteristics when making schooling decisions. In the specifications that do not allow for fixed

effects, a higher average highest grade completed of siblings (holding constant the average age)

increases the probability of a child attending school. However, controlling for fixed effects, we

see that a higher average highest grade completed of siblings lowers the probability that a child

attends school. Such a pattern might be expected if parents consider schooling across children to be

substitutes. For example, if an older sibling has a lot of schooling, then it might be less important

that a younger child attends school.

Comparing Tables 4a with Tables 3a, we see that the program impact estimates based on

the standard cross-section and difference-in-differences specifications are relatively invariant to

changing the set of included regressors and instrumenting for them. The estimates based on the

cross-section and difference-in-differences specifications also tend to be much smaller than those

obtained using the sibling-based procedures. The before-after estimator again yields an estimate

outside the range of the others and would indicate no effect of the program. The estimates based

on the sibling difference iv procedures range from 4.6-6.0, which is similar to the estimates obtained

using the basic model specification. The statistical significance of the additional regressors indicate

strong support for the intrafamily rather than the basic model, but the short-term program impact

estimates are not very sensitive to which model is used. Below, we demonstrate that the longer-term

impact estimates are sensitive to the choice of model.

Table 4b presents results based on the alternative comparison group of eligibles leaving in

29See Hahn and Hausman (2002) for the formula for the bias of the two-stage-least-squares estimator and how it
depends on the covariance of the error terms.
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nonintervention areas. The program impact estimates are generally smaller in magnitude than

those observed in Table 4a. The largest impact estimate of 4.2 percentage points is obtained using

the semiparametric difference estimator that is nonparametric with regard to child age and gender.

Table 5 presents program impact estimates for different age and gender groups, obtained using

the sibling difference iv estimator applied to the intrafamily model, where the children are matched

on age in implementing the estimator (i.e. zijt includes age). The second column presents estimates

for the near-poor comparison group and the third column for the eligible, non-intervention area

comparison group. The disaggregated estimates reveal a pattern of significant variation in impacts

by age. For boys and girls age 6-11, the impact estimates are not statistically significantly different

from zero. However, there are substantial impact estimates for the age 12-17 group. For older

boys, the impact estimates are 12.0 percentage points using the near-poor comparison group and

9.0 percentage points using the group of eligibles in nonintervention areas. We also find large

impacts for older girls, on the order of 12.6-14.4 percentage points.

The lack of discernible impacts for young children is perhaps not surprising, given the very high

attendance rates for children at these ages even in the absence of the program, which places an

upper bound on the conceivable effects of the program. For example, if attendance is already 96%

without the program, then program could at most increase attendance by 4%. As previously noted,

attendance rates in the absence of the program fall dramatically after completion of primary school

and again after completion of secondary school. Thus, there is a larger scope for the program

to have an effect on the attendance of older children, which is what we observe. The higher

school subsidies for higher grades may also in part explain why we observe larger impacts on older

children, although older children also face higher opportunity costs of schooling (e.g. higher wage

offers, which are being captured in the estimation by the age-specific family effect).

Table 6 presents analogous results when the outcome variable is grades completed rather than

school attendance. Children who were not attending are deemed to not have completed a grade.
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The pattern of larger impacts for the older age group is generally upheld. However, we also observe

an effect of the program on grades completed for younger (age 6-11) boys and girls when the

near-poor comparison group is used.

5.2 Simulated longer-term program impacts

We next use the estimated model to simulate the effects of longer-term participation in the program.

Specifically, we simulate children’s school-going from age 6-17 first without the program and then

assuming the program was offered in every year. For the intrafamily model, we assume a family

with two children (boys), who are spaced two years apart. We simulate both children’s school-

going, updating the state variables in each time period as required by the model to reflect changes

in lagged own schooling outcomes and/or lagged siblings’ schooling outcomes. We performed this

simulation using both the basic and intrafamily models and using the sibling difference iv matched

on age estimator (estimated coefficients shown in Table 3a and Table 4a).30

Table 7 shows how the program affects the highest grade completed over the longer-term. The

basic model indicates that if the program were available from ages 6-17, then the highest grade

completed would increase by 0.575 years.31 The intrafamily model indicates a different impact of

0.426 years, which is 25% smaller. Thus, the small differences in short-term impact estimates that

were observed between the basic model and the intrafamily model are magnified in the longer-term

predictions.

30Our simulation assumes that the family would be eligible throughout for the program and does not attempt to
model the dynamics of program eligibility. The simulation also assumes that fertility is exogenous and is unaffected
by the the program. Incorporating indirect effects of the program on schooling outcomes that changes in fertility
would require specifying an auxilliary model of how fertility responds to the program.
31The estimated long-term impacts obtained under the intrafamily model are similar in magitude to those obtained

(using alternative methods of doing the long-term prediction) by Schultz (2004), Behrman, Sengupta and Todd (2005),
and Todd and Wolpin (2002) for the rural evaluation sample.
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6 Conclusions

This paper explores the use of dynamic schooling models and sibling-based estimators for evaluating

both the short-term and longer-term effects of program interventions. Our approach uses retro-

spective data on older siblings’ schooling histories to study how an intervention affects younger

siblings. The statistical models are motivated by dynamic behavioral models in which parents

make decisions about whether to send children to school. We considered two behavioral models,

one in which parents make schooling decisions about individual children without regard to their

siblings (the basic model) and another in which their schooling decisions could also depend on sib-

lings and lagged sibling outcomes (the intrafamily model). The empirical results strongly support

the use of the richer intrafamily model.

This paper also proposed an estimation method that combines matching, differencing and

instrumental variables in estimating program effects. It can be viewed as an application of Ahn and

Powell’s (1993) pairwise differencing estimator for the selection model to a panel data, treatment

effects setting. The estimator does not impose any parametric structure on how age and gender

affect outcomes. It also allows for arbitrary interactions between age, gender and the fixed effect.

For example, it accommodates unobserved local labor market effects that may differ by age and

gender and affect opportunity costs of school attendance. Additive year effects can also be handled

nonparametrically, when there is an alternative comparison group data on families not exposed to

the program.

The identifying assumptions that justify the application of sibling difference estimators may be

more plausible than those invoked by other evaluation estimators, such as cross-sectional matching

estimators, which are widely used in evaluating effects of programs. Matching estimators typically

pair treated individuals to observably similar untreated individuals from other families. A concern

with the application of these estimators is that there may be unobservable determinants of outcomes
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that differ across the treatment group and the matched comparison group, which could bias the

estimated program impacts. The sibling difference approach also uses matching when it restricts

comparisons to be among children of the same gender and age. However, it imposes the additional

restriction that children come from the same family, which controls for family-specific unobservable

determinants of outcomes.

We apply the sibling difference estimators as well as other conventional evaluation estimators

to study the effects of the Oportunidades conditional cash transfer program on schooling outcomes

of children and youth living in urban areas of Mexico. The empirical results based on the proposed

estimator as well as those based on some common alternative estimators show significant impacts

of the program on school attendance. The before-after estimator found no effect of the program,

but, as noted, this estimator requires strong parametric assumptions on time effects.

Our preferred estimates, based on the sibling difference iv estimator applied to the intrafamily

model, reveal substantial heterogeneity in impacts by age and gender of the child. For younger

children age 6-11, the program appears to have no discernible effect on school attendance. The

lack of impact is partly due to high attendance levels for children in this age range even in the

absence of the program. For older girls and boys, we observe substantial program effects ranging

from 9.0-14.4 percentage points, depending on gender and on the source of comparison group data

used. We also used the estimated dynamic model to simulate long-term program effects for a

typical family. Our simulations indicate that a child participating in the program from age 6-17

would complete about 0.5 additional years of schooling.

The kind of retrospective data required to apply the sibling difference methods studied in this

paper are rarely collected in evaluation studies, but they could easily be collected. Finally, while

we have applied the method in the context of studying a conditional cash transfer program, there

are other potential applications. For example, the estimators may be useful for evaluating effects

of child health interventions, where retrospective data on illnesses might be collected. They could
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also be used to study effects of other educational interventions, such as school voucher programs,

high school graduation bonus programs, or college scholarship programs.
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Table 1 

Transfer Levels by Grade and Gender  
(pesos per month  in second semester of 2002) 

 
   
 Boys Girls 
Primary School   
          Grade 3 100 100 
          Grade 4 115 115 
          Grade 5 150 150 
          Grade 6 200 200 
   
Middle School   
          Grade 7 290 310 
          Grade 8 310 340 
          Grade 9 325 375 
   
High School   
          Grade 10 490 565 
          Grade 11 525 600 
          Grade 12 555 635 
   
Note: Education transfers are conditional on 85% school attendance.  
Households also receive a monthly “food transfer” of 150 pesos, conditional 
on regular attendance at health centers. $1US=10 Mexican pesos. 
 

 
 
 



 
Table 2 

Baseline characteristics (year 2002) of the treatment and comparison groups 
Children age 6-17 

 
 Eligible  

Intervention 
Eligible  

Comparison 
Near-poor 

intervention 
  

Mean 
 

Std. 
Dev. 

 
Mean 

 
Std. 
Dev. 

 
Mean 

 
Std. 
Dev. 

 
Age 

 

 
10.19 

 
3.01 

 
10.07 

 
2.95 

 
10.63 

 
3.19 

Attend 0.83 
 

0.38 0.88 0.33 0.86 0.34 

Highest grade 
completed 

3.42 
 

2.63 3.73 2.69 4.14 2.86 

Mother’s schooling 4.75 
 

3.02 5.48 3.03 6.00 3.08 

Mother’s age 32.16 
 

4.16 32.21 4.10 32.78 4.15 

Father’s schooling 5.13 
 

3.26 5.84 3.17 6.51 3.33 

Father’s age 35.80 
 

6.71 35.76 6.69 36.81 7.09 

Average number of 
children in the 

household 

2.29 
 

1.22 2.29 1.24 2.08 1.06 

  
 

     

Number of 
Households 

2615 
 

1733 986 

 



 
Table 3a 

Estimated Program Impacts on Attendance 
Basic Model, Robust Standard Errors in Parentheses 

Groups: Eligible and Ineligible Households (Near Poor) Living in Intervention Areas 
 Estimator 

 
Variable 

 
Cross-
Section 

Post 
Program 

Diff-Diff Before-
After 

Sibling  
Fixed 
Effect 

Sib. Diff. 
Matched 
on Age 

Sib. Diff. 
Matched 
Age, Sex 
 

Sibling FE - 
Matched 
Sample 

 
Treated* 0.010 

(0.005) 
 

0.035 
(0.006) 

-0.014 
(0.008) 

0.025 
(0.006) 

0.041 
(0.004) 

0.051 
(0.011) 

0.052 
(0.011) 

Highest grade completed  0.033 
(0.0022) 

 

0.028 
(0.002) 

0.028 
(0.002) 

-0.003 
(0.001) 

0.013 
(0.002) 

0.013 
(0.003) 

0.016 
(0.003) 

Lagged Attendance 0.406 
(0.012) 

 

0.431 
(0.007) 

0.441 
(0.008) 

0.372 
(0.004) 

0.368 
(0.008) 

0.356 
(0.010) 

0.379 
(0.011) 

Highest Grade  
Completed. = 6 

-0.063 
(0.009) 

 

-0.096 
(0.008) 

-0.097 
(0.009) 

-0.108 
(0.005) 

-0.109 
(0.009) 

-0.106 
(0.011) 

-0.105 
(0.011) 

Highest Grade  
Completed = 9 

-0.068 
(0.017) 

 

-0.129 
(0.015) 

-0.128 
(0.018) 

-0.125 
(0.009) 

-0.177 
(0.021) 

-0.212 
(0.028) 

-0.219 
(0.028) 

Male -0.003 
(0.004) 

 

-0.004 
(0.003) 

-0.003 
(0.004) 

-0.005 
(0.003) 

-0.004 
(0.003) 

… … 

Mother’s highest grade 
completed 

0.002 
(0.0008) 

 

0.004 
(0.0005) 

0.004 
(0.0006) 

… … … … 

Father’s highest grade 
completed 

0.002 
(0.0007) 

 

0.004 
(0.0005) 

0.005 
(0.0005) 

… … … … 

Constant  0.179 
(0.015) 

0.627 
(0.080) 

 

-58.21 
(5.8) 

 -0.013 
(0.004) 

-0.018 
(0.004) 

-0.018 
(0.005) 

Eligible+ … -0.025 
(0.004) 

… … … .. … 

Linear Time Trend … … 0.029 
(0.003) 

… … … … 

Includes Age Indicators Yes Yes Yes Yes No No Yes 
Number of Observations 15401 41935 30410 57092 28495 18019 18019 
R-square 0.50 0.38 0.38 0.36 0.17 0.16 0.16 

* Treated means that the household satisfied the eligibility criteria to participate in the program.  All specifications also included 
unrestricted age effects. All but the before-after specification include unrestricted year effects. The before-after specification 
includes instead a linear time trend.  
+The coefficient on Eligible gives the preprogram difference in mean enrollment between the eligible intervention and ineligible 
intervention groups. 



 Table 3b  
Estimated Program Impacts on Attendance 

Basic Model, Robust Standard Errors in Parentheses 
Groups: Eligibles Living in Intervention and Nonintervention Areas 

 Estimator 
 

Variable Cross-
Section 

Post 
Program 

Diff-Diff Sibling 
Fixed 
Effect 

Sib. Diff. 
Matched 
on Age 

 

Sib. Diff. 
Matched 
Age, Sex 
 

Sibling FE 
on 

Matched 
Sample 

 
Treated* 0.008 

(0.003) 
 

0.017 
(0.005) 

0.017 
(0.004) 

0.014 
(0.007) 

0.014 
(0.008) 

0.015 
(0.008) 

Highest grade completed  0.027 
(0.002) 

 

0.028 
(0.002) 

-0.002 
(0.001) 

0.009 
(0.002) 

0.012 
(0.002) 

0.016 
(0.002) 

Lagged Attendance 0.413 
(0.010) 

 

0.425 
(0.006) 

0.323 
(0.004) 

0.355 
(0.007) 

0.348 
(0.009) 

0.380 
(0.010) 

Highest Grade  
Completed. = 6 

-0.079 
(0.007) 

 

-0.104 
(0.007) 

-0.108 
(0.004) 

-0.101 
(0.008) 

-0.083 
(0.010) 

-0.084 
(0.009) 

Highest Grade  
Completed = 9 

-0.058 
(0.015) 

 

-0.105 
(0.013) 

-0.104 
(0.008) 

-0.109 
(0.019) 

-0.126 
(0.025) 

-0.133 
(0.025) 

Male 0.00001 
(0.003) 

 

-0.003 
(0.003) 

-0.007 
(0.003) 

-0.003 
(0.003) 

… … 

Mother’s highest grade 
completed 

0.002 
(0.0006) 

 

0.004 
(0.0005) 

… … … … 

Father’s highest grade 
completed 

0.003 
(0.0005) 

 

0.005 
(0.0004) 

… … … … 

Intervention Group+ … -0.007 
(0.004) 
 

… … … … 

Constant  0.218 
(0.013) 

 

0.616 
(0.073) 

0.642 
(0.035) 

-0.017 
(0.003) 

-0.018 
(0.004) 

-0.018 
(0.004) 

Includes Age Dummies Yes Yes Yes No No Yes 
Number of Observations 20378 53007 69261 35241 22450 22450 
R-square 0.49 0.38 0.36 0.16 0.16 0.15 

* Treated means that the household lived in an intervention area and satisfied the eligibility criteria to 
participate in the program.  All specifications also included unrestricted age effects. All but the before-after 
specification include unrestricted year effects. The before-after specification includes instead a linear time 
trend.  
+ The coefficient on Intervention Group gives the preprogram difference in mean enrollment between the 
eligible intervention and nonintervention groups. 
 



 Table 4a  
Estimated Program Impacts on Attendance 

Intrafamily Model, Robust Standard Errors in Parentheses 
Groups: Eligible and Ineligible Households (Near Poor) Living in Intervention Areas 

 Estimator 
 

Variable Cross-
Section 

Post 
Program 

Diff-Diff 
 

Before-
After 
 

Sib. Diff. 
IV 

Matched 
on Age 

Sib. Diff. IV 
Matched Age, 

Sex 
 

Treated* 0.016 
(0.005) 

0.037 
(0.006) 

-0.011 
(0.008) 

0.046 
(0.012) 

0.060 
(0.015) 

Highest grade completed  0.026 
(0.003) 

0.014 
(0.002) 

0.013 
(0.003) 

0.008 
(0.004) 

0.005 
(0.005) 

Lagged Attendance 0.403 
(0.012) 

0.427 
(0.007) 

0.436 
(0.008) 

0.454 
(0.019) 

0.434 
(0.023) 

Highest Grade  
Completed. = 6 

-0.066 
(0.009) 

-0.100 
(0.008) 

-0.100 
(0.010) 

-0.113 
(0.164) 

-0.117 
(0.019) 

Highest Grade  
Completed = 9 

-0.064 
(0.017) 

-0.125 
(0.015) 

-0.125 
(0.018) 

-0.224 
(0.037) 

-0.227 
(0.051) 

Birth order 0.006 
(0.004) 

-0.001 
(0.003) 

-0.002 
(0.003) 

… … 

Number of Children -0.007 
(0.003) 

-0.004 
(0.002) 

-0.003 
(0.002) 

-0.070 
(0.042) 

-0.050 
(0.047) 

Fr. of boys >= 6 -0.014 
(0.008) 

-0.006 
(0.006) 

-0.009 
(0.007) 

-0.002 
(0.016) 

-0.009 
(0.028) 

Male 0.002 
(0.006) 

-0.001 
(0.005) 

0.001 
(0.005) 

-0.003 
(0.004) 

… 

Mother’s highest grade completed 0.001 
(0.001) 

0.003 
(0.0005) 

0.004 
(0.0006) 

… … 

Father’s highest grade completed 0.001 
(0.001) 

0.003 
(0.0005) 

0.004 
(0.0005) 

… … 

Average highest grade completed of all 
children 

0.010 
(0.003) 

0.023 
(0.003) 

0.030 
(0.003) 

-0.053 
(0.020) 

-0.050 
(0.022) 

Average age of all children -0.009 
(0.002) 

-0.016 
(0.002) 

-0.017 
(0.002) 

0.067 
(0.022) 

0.079 
(0.024) 

Eligible+  … -0.022 
(0.004) 

… … … 

Constant 0.248 
(0.021) 

0.737 
(0.081) 

-52.54 
(6.15) 

-0.019 
(0.005) 

-0.024 
(0.007) 

Linear Time Trend … .. 0.027 
(0.003) 

… … 

Includes Age Dummies Yes Yes Yes No No 
Number of Observations 15083 41617 30163 21117 13366 
R-square 0.50 0.38 0.38 0.16 0.15 

* Treated means that the household satisfied the eligibility criteria to participate in the program.  All 
specifications also included unrestricted age effects. All but the before-after specification include 
unrestricted year effects. The before-after specification includes instead a linear time trend. 
+The coefficient on Eligible gives the preprogram difference in mean enrollment between the eligible and ineligible 
groups living in intervention areas. 

 
 
 
 
 

 
 
 



 
 

Table 4b  
Estimated Program Impacts on Attendance 

Intrafamily Model, Robust Standard Errors in Parentheses 
Groups: Eligibles Living in Intervention and Nonintervention Areas 

 Estimator 
 

Variable CS Post 
Program 

 

Diff-Diff 
 

Sib. Diff. 
IV 

Matched 
on Age 

 

Sib. Diff. 
IV 

Matched 
Age, Sex 

Treated* 0.009 
(0.004) 

0.018 
(0.005) 

0.012 
(0.008) 

0.042 
(0.014) 

Highest grade completed  0.022 
(0.003) 

0.014 
(0.002) 

0.005 
(0.003) 

0.004 
(0.005) 

Lagged Attendance 0.409 
(0.010) 

0.418 
(0.006) 

0.431 
(0.017) 

0.442 
(023) 

Highest Grade  
Completed. = 6 

-0.082 
(0.008) 

-0.107 
(0.007) 

-0.094 
(0.013) 

-0.117 
(0.018) 

Highest Grade  
Completed = 9 

-0.058 
(0.015) 

-0.102 
(0.014) 

-0.173 
(0.033) 

-0.228 
(0.051) 

Birth order 0.001 
(0.003) 

-0.0004 
(0.002) 

... ... 

Number of Children -0.0001 
(0.002) 

-0.002 
(0.001) 

-0.066 
(0.036) 

0.048 
(0.047) 

Fr. of boys >= 6 -0.006 
(0.007) 

0.005 
(0.005) 

-0.005 
(0.013) 

-0.007 
(0.024) 

Male 0.002 
(0.005) 

-0.006 
(0.004) 

-0.002 
(0.003) 

… 

Mother’s highest grade completed 0.003 
(0.0006) 

0.003 
(0.0005) 

… … 

Father’s highest grade completed 0.002 
(0.0006) 

0.004 
(0.0004) 

... … 

Average highest grade completed of all 
children 

0.009 
(0.003) 

0.023 
(0.002) 

0.112 
(0.020) 

-0.030 
(0.021) 

Average age of all children -0.007 
(0.002) 

-0.015 
(0.002) 

0.112 
(0.020) 

0.013 
(0.024) 

Constant  0.261 
(0.019) 

0.719 
(0.074) 

-0.018 
(0.005) 

0.002 
(0.006) 

Intervention Group+ … -0.007 
(0.004) 

... … 

Includes Age Dummies Yes Yes No No 
Number of Observations 20028 52605 26986 11183 
R-square 0.49 0.38 0.15 0.22 

* Treated means that the household lived in an intervention area and satisfied the eligibility 
criteria to participate in the program.  All specifications also included unrestricted age effects. 
All but the before-after specification include unrestricted year effects. The before-after 
specification includes instead a linear time trend. 
+The coefficient on Intervention Group gives the preprogram difference in mean enrollment between  
the eligible intervention and nonintervention groups. 

  
 

 
 



Table 5 
Estimated Program Impacts on Attendance by Demographic Group 

Intrafamily Model, Sibling Diff IV Estimator Matched on Age and Gender 
 

Demographic 
Group 

 
 

Groups: Eligible and 
Ineligible Households 
(Near Poor) Living in 

Intervention Areas 

Groups:  Eligibles Living in 
Intervention and 

Nonintervention Areas 

 
Boys 

  

     Age 6-17 
 

0.074 
(0.021) 

 

0.017 
(0.013) 

     Age 6-11 0.036 
(0.024) 

 

-0.005 
(0.014) 

     Age 12-17 0.120 
(0.057) 

 

0.090 
(0.038) 

   
Girls   

Age 6-17 0.033 
(0.021) 

 

0.004 
(0.013) 

Age 6-11 
 

0.032 
(0.025) 

 

-0.017 
(0.014) 

Age 12-17 0.126 
(0.042) 

 

0.144 
(0.045) 

   
  
 
 
 
 
 
 
 



Table 6 
Estimated Program Impacts on Completed Grades by Demographic Group and  

by Comparison Group, Sibling Diff IV 
Intrafamily Model 

Demographic 
Group 

 
 

Groups: Eligible and 
Ineligible Households 
(Near Poor) Living in 

Intervention Areas 

Groups:  Eligibles Living in 
Intervention and 

Nonintervention Areas 

 
Boys 

  

     Age 6-17 0.189 
(0.054) 

 

0.0002 
(0.029) 

     Age 6-11 0.203 
(0.077) 

 

-0.048 
(0.037) 

     Age 12-17 0.154 
(0.106) 

0.104 
(0.054) 

   
Girls   
     Age 6-17 -0.037 

(0.036) 
 

-0.021 
(0.034) 

     Age 6-11 0.109 
(0.055) 

 

-0.050 
(0.034) 

     Age 12-17 0.078 
(0.059) 

 

0.097 
(0.068) 

   
 



 
Table 7 

Simulated Program Effect on Attendance and on 
Highest Grade Completed by Age after Longer Terms of Exposure 

 
 Basic Modela  Intrafamily Model a,b 

Two Child Family 
 

Age Attendance 
(Percent) 

Highest Grade 
Completed 

Attendance 
(Percent) 

Highest Grade 
Completed 

6 3.81 0.038 4.50 0.045 
7 3.16 0.070 3.48 0.080 
8 3.35 0.103 3.22 0.112 
9 3.36 0.137 2.88 0.141 
10 3.15 0.168 2.69 0.168 
11 3.21 0.201 2.44 0.192 
12 4.37 0.244 3.13 0.224 
13 5.65 0.301 3.60 0.260 
14 6.98 0.370 4.28 0.302 
15 5.89 0.429 3.01 0.333 
16 7.12 0.500 4.29 0.375 
17 7.50 0.575 5.04 0.426 

a Regressions based on the same observation set using sibling difference IV estimator, 
matched on age. 
b Assumes two male children who are two years apart in age. 






