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After-school tutoring has risen globally despite limited evidence of effectiveness. We implement a random-
ized after-school tutoring program in rural China where many children are left-behind by parents in care of
grandparents. Compared to tutees cared for by parents, those in care of grandparents reported much smaller
home-tutoring reductions but larger test-score gains. We interpret our data analysis with a model with tu-
toring efficacy and substitution between private and public inputs both differing by family background: In-
creased public tutoring generates larger test-score gains for children who experience greater tutoring efficacy
and lesser substitution with household inputs, consistent with our estimates.

1. introduction

Almost everywhere in the world, children’s access to after-school learning opportunities, in
the form of either direct family involvement or supplementary educational services, is highly
dependent on family background (e.g., Weiss et al., 2009; Bray and Lykins, 2012). For exam-
ple, in the United States, top-quintile families spend seven times more than bottom-quintile
families on child-enrichment activities (Duncan and Murnane, 2016) and higher-educated par-
ents also allocate much more time to educational child-care activities (Guryan et al., 2008;
Ramey and Ramey, 2010). A strong positive relationship between family socioeconomic sta-
tus (SES) and student participation in private supplementary education has also been docu-
mented in other countries, such as China (Zhang and Xie, 2016), South Korea (Kim and Lee,
2010), Japan (Matsuoka, 2015), and Poland (Safarzyńska, 2013). Partly owing to concern over
the implications of after-school learning opportunities on child development and educational
inequality, public provision of after-school learning support has risen globally. In the United
States, the 21st Century Community Learning Centers (21st CCLC) program was authorized
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under the No Child Left Behind (NCLB) Act as an after-school program model to provide
academic enrichment and services during nonschool hours to help students attending high-
poverty, underperforming schools meet federal and state standards in core academic subjects.1

In China, the State Council launched a national campaign in 2018 tightening scrutiny of its
over 400,000 private after-school institutions2 and strengthening the public role in providing
after-school services (State Council of China, 2018).

In part due to the enormous policy interest, there have been a number of recent studies
on the effects of after-school programs on children’s academic outcomes. Nickow et al. (2020)
provide an excellent review and meta-analysis of 96 experimental studies of the impacts of
one-on-one or small-group tutoring on student learning in pre-K through 12. They elect to
restrict their meta-analysis to tutoring offered by teachers, paraprofessionals, nonprofession-
als, and parents, and find these programs “yield consistent and substantial positive impacts on
learning outcomes” across a wide range of program characteristics and contexts, with effect
sizes averaging over a third of a standard deviation.3

The review by Nickow et al. (2020) also raises two important gaps in the literature. First, al-
though over 90% of school-age children live in low- and middle-income countries (LMICs),
the studies summarized are primarily on high-income countries (HICs); for example, though
the majority of the study titles refer to HICs, only two of the 96 study titles refer to LMICs
(Banerjee et al., 2015; Conn, 2017). Second, these studies estimate the gross or total policy ef-
fects of tutoring programs that combine the ceteris paribus effects holding other inputs con-
stant and the indirect effects through changes in private inputs after household reoptimization
(Todd and Wolpin, 2003, 2007). Although some differences in the estimates are undoubtedly
due to differences in program features, differences in household behavioral responses in pro-
viding private inputs also may be important sources of variation of the estimated gross pol-
icy effects (Behrman et al., 2013) but are nonetheless largely overlooked in prior research in
this area.

In this article, we address these gaps. We first present reduced-form estimates based on an
experiment that we conducted with randomly assigned after-school tutoring in rural China in
which high-achieving fourth and fifth graders provided high-dosage, one-on-one tutoring to
low-achieving second and third graders. We take advantage of the widespread “left-behind
children” (LBC) phenomenon in rural China where many children are living apart from both
parents who have migrated to work in cities by implementing the experiment in a rural Chi-
nese county with a high prevalence of LBC to assess household behavioral responses and
treatment–effect heterogeneities between children with and without parents at home. Prior
to the experiment, LBC—most of whom were cared for by grandparents—received far less
home tutoring compared to non-LBC. During the tutoring program, non-LBC tutees reported
large and significant reductions in home tutoring at both the extensive and intensive mar-
gins, whereas LBC tutees had much smaller, and often insignificant, reductions in home tu-
toring. We find that the tutoring program significantly improved tutees’ endline math scores
and the score gains were significantly larger for LBC. However, we find little evidence that

1 The 21st CCLC program was first authorized by Congress in 1994 as a community-learning-center model to open
up public schools for broader use to provide academic enrichment and recreational activities after school for all com-
munity members (James-Burdumy et al., 2007). In 2002, the NCLB reauthorized the 21st CCLC program and nar-
rowed it to focus only on academic content to complement in-school learning. In the 2013–14 school academic year,
total federal funding of over $1.1 billion was allocated to implement the 21st CCLC program serving approximately
1.7 million students (U.S. Department of Education, 2015). In addition, school districts were also mandated to use a
portion of their Title I funding to offer supplementary educational services to students attending schools that have
failed their “adequate yearly progress” goals for three consecutive years.

2 This number is from the following China Daily article:http://www.chinadaily.com.cn/a/201811/22/
WS5bf60804a310eff30328a54e.html(last accessed April 18, 2019).

3 They also find that on average, effects are larger for teacher and paraprofessional tutoring programs than for non-
professional and parent tutoring and that effects tend to be larger for the earlier grades. Most of these studies are on
at-risk children due to family background or other factors and some of the studies find larger effects within their sam-
ples for more disadvantaged children.
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the program increased tutees’ endline reading scores. The disparity in the achievement effects
between math and reading is consistent with some previous work on the efficacy of other ed-
ucational interventions across subjects that also tend to find these interventions more effec-
tive for improving math scores than reading scores (e.g., Black et al., 2008; Angrist et al., 2010;
Abdulkadiroğlu et al., 2011; Dobbie and Fryer, 2013; Muralidharan et al., 2019), but contrasts
with Nickow et al.’s (2020) overall summary of similar effects for reading and math. However,
teacher and paraprofessional tutoring account for the majority of the tutoring programs re-
viewed in Nickow et al. (2020), and they note that disaggregating by subject and tutor type
yields much smaller effect sizes for nonprofessional reading tutoring programs by volunteers,
the category most similar to our peer-tutoring program.

In order to examine possible mechanisms, we next develop a simple structural model of
student achievement production in which caregivers (i.e., parents or grandparents) maximize
their valuation of child achievement net of the total cost of home-tutoring provision sub-
ject to a value-added achievement production function. The distributions of valuation of child
achievement differ between parents and grandparents, permitting parents on average to value
child achievement more than grandparents. The total costs of home tutoring include fixed
costs, which is consistent with corner solutions of no home tutoring for some families, in ad-
dition to marginal costs related to home-tutoring time. The value-added production function,
inter alia, includes total tutoring, which is a constant elasticity of substitution (CES) func-
tion of tutoring time received in school and tutoring time received at home. This function al-
lows (i) differential efficacy parameters between children cared for by grandparents versus
those cared for by parents, (ii) diminishing returns to aggregate total tutoring received af-
ter school, and (iii) complementarity between school-based, public-tutoring inputs and home-
based, private-tutoring inputs in generating total tutoring.

If school tutoring and home tutoring are direct substitutes in promoting achievement as our
estimates below suggest, we show that several propositions follow from this model: (i) House-
holds’ optimal home-tutoring time decreases with school-tutoring time; (ii) the positive direct
effect of increased school-tutoring time dominates the negative indirect effect through opti-
mal substitution for home-tutoring time so that both total tutoring and student achievement
increase; (iii) given the same level of school-tutoring time, children cared for by caregivers
with higher returns to total tutoring (driven by higher valuation of achievement or greater tu-
toring efficacy) receive more home tutoring; (iv) if school-tutoring time increases, caregivers
with higher returns to total tutoring reduce their home-tutoring time more; and (v) if school-
tutoring time increases, children with caregivers with higher return to total tutoring experi-
ence smaller increases in total tutoring.

We then proceed to estimate the model using data of the randomized after-school tutor-
ing experiment described above. We find that in the CES function for total tutoring, dimin-
ishing returns dominate complementarity so school tutoring and home tutoring are direct sub-
stitutes. We also find that although tutoring is more effective for more-disadvantaged children
in the sense of being LBC, parents value children’s achievement much more than grandpar-
ents. The greater valuation of children’s achievement by parents than by grandparents domi-
nates the lower tutoring efficacy for non-LBC than LBC, leading to parents on average devot-
ing more time to home tutoring than grandparents.

Using the estimated baseline model, we first decompose the difference in the predicted
treatment effect between LBC and non-LBC into the difference in their home-tutoring time
and the difference in their tutoring efficacy. We find that the time substitution accounts for
one-eighth of the difference and the difference in tutoring efficacy accounts for seven-eighths
of the difference. We also conduct counterfactual experiments by setting different levels of
school tutoring for LBC and non-LBC and evaluating the effects on their home tutoring and
test scores. We find that as we increase school-tutoring time, the marginal benefits decline for
both LBC and non-LBC but that the benefits are always larger for LBC at any given level of
school-tutoring time, implying that the optimal allocation of school-tutoring time would gen-
erally favor LBC than non-LBC.
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This article makes several contributions to the literature on the effects of public-school
inputs on private household inputs and student achievement. First, by integrating public
and private inputs to produce student achievement through two competing mechanisms
(i.e., diminishing returns and complementarity), our model provides a framework that encom-
passes the divergent evidence of household responses to public-school inputs found in differ-
ent settings and contexts in prior research. For example, whereas Gelber and Isen (2013) show
that parental involvement with children increases in response to access to the Head Start
Program in the United States, studies of developing contexts generally find evidence for the
substitution between household inputs and school resources (e.g., Pop-Eleches and Urquiola,
2013; Yuan and Zhang, 2015; Mbiti et al., 2019). Also in the developing contexts of India and
Zambia, Das et al. (2013) find that household behavioral responses play significant roles in
determining the overall effectiveness of increases in school resources: Only unanticipated
increases in school resources that are not offset by reductions in households’ own educational
spending have positive effects on test scores, whereas anticipated increases in school resources
that crowd-out private household educational expenditures generate no test score gains.

Second, we extend the empirical investigation of this strand of literature to increases in
public inputs in after-school learning support and exploit the “left-behind children” phe-
nomenon in rural China to examine heterogeneity in household behavioral responses and
treatment effects. By linking the differences in the extent of substitution of home-tutoring in-
puts and in the efficacy of those inputs between children with and without parents at home to
the difference in their test score gains, we are able to gauge more directly the implications of
household behavioral responses on the total effect of the intervention.

Third, because the extent of household responses in home-tutoring inputs is quantitatively
small and statistically insignificant for children living apart from their parents, our estimated
policy effect on test scores for children left-behind by both parents places a sharper upper
bound on the direct production function effect (i.e., the ceteris paribus effect) compared to
other contexts with more room for household substitution of private inputs.

Since only students who had scored below the class median in the baseline test were eligi-
ble to be tutees in the after-school tutoring program, the empirical analysis of the article is
also related to the literature on remedial educational interventions targeted to children lag-
ging behind academically (e.g., Banerjee et al., 2007, 2010; Duflo et al., 2011), particularly
those employing randomized controlled trials (RCTs) to evaluate the effectiveness of high-
dosage, small-group, or one-on-one tutoring outside the regular school hours (e.g. Cabezas
et al., 2011; Cook et al., 2014; Weiss et al., 2019).4 Our article contributes to this strand of
research in three respects. First, we demonstrate that remedial educational interventions are
most effective for children who come from disadvantaged family backgrounds. Second, we
highlight both theoretically and empirically the important roles of household substitution be-
haviors in determining the effectiveness of remedial educational programs. Third, our results
also imply that remedial educational programs offering learning inputs in settings that are
subject to lesser substitution of household inputs and/or the inputs are more efficacious will
generate larger effects.

Finally, this article also adds to an emerging literature demonstrating that children from
disadvantaged background benefit the most from public educational interventions, such as
universal child-care programs (e.g., Cascio and Schanzenbach, 2013; Bitler et al., 2014; Havnes
and Mogstad, 2015) and charter schools or injecting successful charter school practices into
traditional public schools (e.g., Angrist et al., 2012; Fryer, 2014). For example, Kottelenberg
and Lehrer (2017) and Cornelissen et al. (2018) find that in both Quebec and Germany,

4 It is also worth mentioning a peer-to-peer learning intervention conducted by Li et al. (2014) in a Beijing
school that enrolls exclusively children of migrant workers. The intervention combines the treatments of group in-
centives and peer interactions—the latter of which may also include peer tutoring outside regular school hours—
by pairing high- and low-achieving classmates as benchmates and offering the pairs group incentives for the lower-
achiever’s score improvement. They find that the intervention increases lower achievers’ test scores without affecting
the high achievers.
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children from disadvantaged family background benefit the most from universal child-care
programs, and Angrist et al. (2013) show that Massachusetts charter schools adhering to the
“No Excuse” model5 are most effective for poor non-Whites and low-baseline achievers. Our
findings of larger score gains for children living apart from both parents suggest that focusing
the limited public resources for after-school learning support on children with disadvantaged
family backgrounds not only provides a cost-effective means of improving the learning of
children lagging behind academically but also acts as an important equalizer for reducing
inequality in child development by family background.

We organize our study as follows. Section 2 provides background on the educational sys-
tem and “left-behind children” phenomenon in China. Section 3 develops a model to guide
our analysis. Section 4 describes our after-school tutoring experiment. Section 5 presents our
results on student achievement. Section 6 discusses our results on home-tutoring inputs. Sec-
tion 7 concludes.

2. background

According to the first large-scale national survey on household educational expenditure car-
ried out in 2017, over one-third of elementary and secondary school students in China par-
ticipated in academically focused after-school programs and spent on average RMB 5,021 (or
USD 733) per pupil per year (Wei, 2019). However, there is a large urban–rural disparity in
after-school program expenditures with urban households on average spending 3.6 times that
spent by their rural counterparts (Wei, 2019).6 Accompanying this difference in shadow edu-
cation use is an even more striking urban–rural disparity in children’s educational attainments.
Using a nationwide data set of college entrance examinations and admissions, Li et al. (2015)
show that rural youth from poor counties are eight times less likely (2% vs. 16%) than ur-
ban youth to attend a four-year college.7 Differences in access to after-school learning oppor-
tunities, combined with differences in school qualities, have turned the nation’s educational
system, once a great equalizer, into an inequality exaggerator. Partly owing to such concerns,
in 2018, the State Council launched a national campaign tightening the regulation of pri-
vate after-school institutions and demanding public elementary and secondary schools to en-
hance their roles in offering after-school services. In order to wrest control from the frenzied
private-tutoring industry, local governments have used public budgets to provide varied after-
school learning support, including running optional extra-hour after-school programs, offering
public-school teachers overtime pay to provide one-on-one tutoring through online platforms,
and providing free access to services purchased from private-service providers.

Another important feature of the educational system in rural China is the unprecedented
scale of children left-behind by both parents. According to the 2010 Population Census, over
61 million children aged 17 years or below were living without one or both parents, of which
46.7% were left-behind by both parents (All-China Women’s Federation, 2013). That is, one
in ten children in China—or one in six children in rural China—is living apart from both
parents, a scale unprecedented elsewhere in the world. In a previous study, we find significant
negative impacts of being left-behind by both parents, but not by one parent, on rural Chinese
children’s cognitive development (Zhang et al., 2014). Moreover, we also find that the absence
of both parents is associated with significantly lower household educational inputs in the form
of family direct involvement (e.g., homework checking, home tutoring), whereas the absence
of one parent is not, suggesting that the negative achievement effects of being left-behind by

5 The “No Excuse” pedagogy emphasizes discipline, traditional reading and math skills, selective teacher hiring,
and increased instructional time.

6 In a case study of Chongqing, Zhang (2014) finds that students’ participation rates in private tutoring are 74% for
urban schools, 34% for county schools, but only 11% for township/village schools.

7 Zhang et al. (2015) and Zhao et al. (2017) also show that rural children score significantly lower than their urban
counterparts in math, vocabulary, and cognitive ability tests using the Chinese Family Panel Survey (CFPS) and the
China Education Panel Survey (CEPS), respectively.
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Figure 1

experiment design chart

both parents may work (at least in part) through the lack of after-school learning support at
home. Given the important “dynamic complementarities” between early life learning out-
comes and later-life human-capital investments (e.g., Cunha and Heckman, 2007; Heckman,
2007; Aizer and Cunha, 2012), left-behind children’s disadvantage in early life learning caused
by parental absence can lead to considerable losses in their lifetime human capital. Thus,
if the disadvantage in after-school learning support is indeed a main mechanism through
which parental absence impedes children’s learning progress, public provision of after-school
learning support may be an effective compensatory intervention for ameliorating the negative
learning effects of absence of both parents.

3. after-school tutoring experiment

3.1. Program Description and Random Assignment. Our randomized after-school tutor-
ing experiment was conducted in Longhui County of Hunan Province, a designated national
poverty county with a high prevalence of left-behind children. In 2010, the county’s per-capita
GDP (RMB 7,000) was less than a quarter of the national average (RMB 30,000), 90% of
its 1.2 million residents were rural, and more than one-third of its primary- and middle-
school-age children were left behind by both parents.8 We implemented the intervention as
a supervised peer-tutoring program in which high-achieving fourth and fifth graders were
paired, respectively, with low-achieving second and third graders of the same primary school
to offer one-on-one tutoring after school hours with professional-teacher support.9 We de-
fined students as “high-achieving” (or “low-achieving”) if their combined scores in math and
reading in the baseline test were above (or below) the medians of their classes. Figure 1 illus-
trates the detailed process for the selection of tutees and tutors for the peer-tutoring program.
With help from the county’s educational bureau, we recruited 32 primary schools to partici-
pate in the peer-tutoring program, of which 24 schools had multiple classes in each grade and

8 See Zhang et al. (2014) for a more detailed discussion of the background of this county.
9 It is worth noting that this peer-tutoring program only targets to improve the outcomes of the tutees and we also

find no effects of participating in the peer-tutoring program on tutors’ test scores.
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eight schools had only a single class in each grade. For the 24 schools with multiple classes
in grade 2/3, we randomly assigned half of the classes in each grade (a total of 60 classes) as
experiment classes—from which the tutees were selected—and the remaining half (a total of
59 classes) as control classes.10 However, for the eight schools with only a single class in grade
2/3, all of the 16 classes were designated as experiment classes because all schools were as-
sured the opportunity to participate in the program when they were recruited. Therefore, we
ended up with a total of 76 experiment classes, of which 60 classes were randomly selected
and had at least one control class from the same school grade.

For each experiment class, we randomly selected 10 low-achieving students (i.e., those with
baseline scores below the class median) to participate in the program as tutees, whereas the
remaining unselected low-achieving students were assigned as within-class controls. Our main
analysis thus compares 760 tutees and 1,184 within-class controls randomly selected from the
76 experiment classes. As a robustness check for the potential existence of externalities of tu-
tees’ participation in the program on control students from the same classes, in Online Ap-
pendix A, we further compare the tutees from the subset of 60 experiment classes randomly
selected from the school grades with multiple classes to all low-achieving students in the unse-
lected control classes from the same school grades (i.e., between-class controls). The between-
class estimates, reported in Online Appendix Table A1, show little evidence for the existence
of within-class externalities.

For each grade 2/3 experimental class, the school assigned a grade 4/5 class for us to recruit
tutors among the class’s high achievers in the baseline test. In order to attract high achievers
to participate in the program, the principals of all participating schools announced at the be-
ginning of the school year that all participating tutors would be given certificates of merit af-
ter completion of their service. Thanks to this arrangement and the cooperation of the head
teachers, for every targeted senior class, the number of high-achieving students who applied to
be a tutor with the consent of their parents/guardians exceeded the quota needed and we ran-
domly selected 10 tutors from the pool of oversubscribed applicants.11

The tutoring experiment lasted for eight months from November 2013 to June 2014, with
a one-month winter break between mid-January and mid-February 2014. During the experi-
mental period, the randomly paired tutors and tutees met in designated tutorial rooms (usu-
ally the tutees’ classrooms) for 45-minute tutorials Mondays through Thursdays. Each tutorial
room hosted 10 tutor–tutee pairs. A teacher was recruited from a grade other than the tutees’
and tutors’ grades to supervise each tutorial room. The teachers’ duties included keeping at-
tendance, maintaining discipline, and having weekly meetings with every tutor–tutee pair to
review the progress and recommend individually customized target areas to improve the tu-
tee’s competencies. However, as the key feature of the intervention is to deliver personalized
tutoring, the teachers were asked not to conduct any group teaching directly, although they
still answered individual questions per request. Before the start of the intervention, the tu-
tors had attended two training sessions offered by the educational professionals recruited by
the research team. During the training, the tutors were told to focus their tutoring practices
on three types of activities, all targeted to offer personalized instruction to students lagging
behind in classroom learning. First, the tutor helped the tutee to review the teaching content
in today’s class that the tutee did not comprehend. Second, the tutor supervised the tutee to
finish the selected assignments from homework that the tutee had difficulty in solving inde-
pendently. Third, the tutor offered individually customized instruction in areas where the tu-
tee was lacking competencies, which could be identified through either teachers’ recommen-
dations, tutees’ self-reflections, or tutors’ observations.

10 The number of classes in each junior school grade with multiple classes ranged from two to four. When a school
grade had three classes, a coin was first flipped to decide whether to select one or two experimental classes from this
school grade.

11 In results not reported in this article, we also compare the randomly selected tutors to the unselected eligible ap-
plicants in the endline test and find no evidence that participating in the program affected tutors’ test scores.
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During the intervention, we conducted two rounds of supplementary surveys (in the first
week of December 2013 and May 2014, respectively) asking the tutors to report the allo-
cations of tutoring time across different activities and subjects and the teachers to record
attendance and subjective assessments (on a scale of 0 to 5) of the respective performances
of individual tutors and tutees. The combined summary statistics of the two rounds of sup-
plementary surveys are shown in Table A2 in the Online Appendix. The tutorial sessions
were well attended with an average attendance rate of 91%. Offering individually customized
instruction in areas where the tutees were lacking competencies accounted for the highest
share of total tutoring time (36%), followed by supervising homework (30%) and reviewing
contemporary learning content (27%). Tutors on average spent more time on math than read-
ing (53% vs. 39%), with less than 10% spent on other subjects.12 However, there was little
difference between tutees living with and without parents in terms of attendance rates, time
allocations, and teachers’ subjective assessments of the efforts of tutees/tutors.

Although this experiment started with 760 assigned pairs, only 90% of these pairs lasted
until the end. Although most of the terminations were caused by tutees or tutors switch-
ing schools, in some cases either tutees or tutors decided to withdraw from the experiment
though still enrolled in the same school. Whenever a tutee switched school or simply withdrew
from the experiment, we suspended the pair. However, if a tutor switched school or withdrew
from the experiment, we replaced him/her with another tutor applicant not selected initially.
Nonetheless, throughout all empirical analyses, only the initial tutee or tutor assignment status
is used.

3.2. Data. We conducted two survey rounds: a baseline survey in October 2013 and an
endline survey in June 2014. The baseline survey consisted of a student questionnaire asking
each student’s age, gender, time allocations after school (including home-tutoring time), and
a household questionnaire asking information on family composition, parents’ ages, schooling
attainments, and migration status. When at least one parent stayed at home, the household
questionnaire was filled out by a parent; otherwise, it was filled out by the primary care-
giver, who was asked to verify the information by phone with the student’s parents. In the
latter case, information on the primary caregiver was also collected. The endline survey was
conducted in June 2014, about two weeks before the end of the 2013–14 school year.

A baseline test on math and reading was conducted in September 2013, a month before
the baseline survey. Students’ cumulative scores in math and reading in this baseline test were
used to determine their eligibility for participating in the after-school tutoring program in the
role of tutees for second and third graders or tutors for fourth and fifth graders. At the end of
June 2014, an endline test on math and reading was administered to evaluate the achievement
effects of the program. Both rounds of the tests were centrally administered and graded by
teachers from different schools assigned by the educational bureau. For the endline test, we
also recruited teachers from different schools as enumerators to proctor the examinations.

Panel A of Table 1 checks the balance of the baseline individual characteristics between tu-
tees and controls. Parental absence is indeed a pervasive phenomenon in this sample: Among
760 tutees, 44% had both parents absent from home and 30% had one parent absent from
home, leaving only 26% living with both parents. From self-reported student surveys, only
30% of the tutees received tutoring at home before the experiment. Conditional on receiv-
ing tutoring at home, the average home-tutoring time was 3.9 hours per week, even higher
than the dosage of our experiment (three hours per week). However, with the majority not re-
ceiving any home tutoring at all, the unconditional average home-tutoring time was only 1.2
hours per week. In all analyses of this article, individual test scores are converted to z-scores
with respect to the distribution of scores in the control classes on the same test. In the base-
line test, tutees on average scored 0.70σ and 0.69σ below the means of the control classes in

12 Some (but not all) schools offered English classes to grades 2 and 3 students, in which case the majority of the
tutoring time spent on other subjects was on English.
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Table 1
summary statistics, balance checks, and sample selection

Tutees’ Mean Tutees - Controls Difference
(1) (2)

Panel A. Sample Balance Checks

Living w/ one parent only 0.301 0.012
(0.459) (0.021)

Living w/ no parent 0.437 −0.023
(0.496) (0.023)

Fraction receiving tutoring 0.303 −0.003
at home (0.460) (0.019)
Average weekly home-tutoring hours (excluding 0) 3.890 −0.166

(2.523) (0.231)
Average weekly home-tutoring hours (including 0) 1.177 −0.063

(2.262) (0.108)
Baseline math scores −0.701 −0.026

(0.946) (0.037)
Baseline reading scores −0.691 −0.012

(0.984) (0.037)

Panel B. Sample Selection

Fraction taking the endline test 0.925 −.024
(0.263) (0.011)

Number of classes 76 76
Number of students 760 1944

Note: The sample consists of all low-achieving grades 2 and 3 students in all the 76 experiment classes who scored
below the class medians in the baseline test, among which 10 from each class were randomly assigned as tutees and
the remaining were assigned as within-class controls. For each baseline variable denoted by the row heading, column
1 reports the tutees’ mean and column 2 reports the difference in the means between the tutees and controls after
adjusting for class fixed effects. Reported in parentheses are standard deviations for means and standard errors for
differences.

math and reading, respectively. Column 2 compares tutees and their within-class controls in
the full sample of 76 experimental classes and finds no evidence of any significant differences
in parental absence status, home-tutoring time, or baseline scores. Table A2 in the Online Ap-
pendix conducts separate balance checks for the subsamples of students living with and with-
out parents and also finds no evidence of any significant differences in the baseline character-
istics between tutees and their within-class controls within each subsample.

Panel B of Table 1 compares the test-taking status in the endline test between the tutees
and controls. Among a total of 760 tutees, 703 (or 92.5%) took the endline test, which is 2.4
percentage points lower than control students from the same experimental classes. Although
small in magnitude, this difference is statistically significant at the 5% level. Thus, we cannot
completely rule out the possibility that participating in the after-school tutoring program
may have resulted in some students not taking the endline test. In particular, if the head
teachers of some experimental classes or the supervisors of some tutorial sessions had discour-
aged/restricted some tutees who had made poorer progress in the program than their peers
from taking the endline test, our estimated achievement effects of the program would be
biased upward. Given that the 2.4 percentage point difference in the test-taking rate is quan-
titatively quite small, we conduct our main empirical analysis by comparing 703 tutees and
1,112 within-class controls who had taken the endline test without considering the potential
sample selection problem, but perform a partial identification analysis in Online Appendix B
following a trimming procedure proposed by Lee (2009)13 to construct conservative bounds

13 See also Lucas and Mbiti (2012), Zhang (2016), and Mills and Wolf (2017) for applications of Lee’s (2009) trim-
ming method in estimating bounds on treatment effects on student achievement in educational settings.
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158 behrman et al.

Table 2
average treatment effects on math and reading scores

Math Scores Reading Scores

(1) (2) (3) (4)

Tutee 0.134*** 0.136*** 0.007 0.017
(0.040) (0.040) (0.040) (0.040)

Baseline scores 0.543*** 0.543*** 0.685*** 0.657***
(0.043) (0.044) (0.043) (0.045)

Baseline individual controls Y Y
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of observations 1815 1815 1815 1815

Note: The sample consists of all tutees and controls from 76 experiment classes whose endline test scores are avail-
able. Each column corresponds to a separate regression. The dependent variable is the test scores in the endline test
(math for columns 1 and 2 and reading for columns 3 and 4). All columns control for class fixed effects. Columns
2 and 4 further control for baseline individual characteristics including gender and dummy indicators for living with
only one parent and living with no parent in the baseline. Robust standard errors clustered at the class level are re-
ported in parentheses. ***p< 0.01.

on the treatment effects taking into account the presence of differential sample selection
between tutees and controls.

4. empirical results

4.1. Average-Achievement Effect. In this subsection, we use the experimental data from
the randomized after-school tutoring program to conduct reduced-form estimations of the
average-treatment effect on student achievement. Specifically, we estimate the following
value-added achievement regression by comparing tutees and their within-class controls from
the same experimental classes:

Yi j1 = αYi j0 + λDi j + ϕ j1 + εi j1,(1)

where Yi j1 denotes the endline test scores of student i from class j, Yi j0 denotes the baseline
test scores of student i, Di j is a dummy indicator equal to 1 if student i was assigned to be
a tutee and 0 if otherwise, ϕ j1 is a class fixed effect that captures the unobserved contempo-
rary determinants of achievement progress shared in common among all students from class
j, and εi j1 is an error term, consisting of both an individual-level component and a class-level
component. Two remarks are worth noting for the specification of Equation (1). First, the co-
efficient estimate on the lagged baseline test scores α is expected to be strictly between 0 and
1 because of the decay of past input effects and measurement error in test scores (Todd and
Wolpin, 2003). Second, the coefficient on the treatment dummy λ identifies a “policy” effect—
the average total effect of the tutoring program after taking into account household behav-
ioral responses in home inputs—instead of the ceteris paribus effect holding home inputs con-
stant.

In Table 2, columns 1 and 2 estimate the average-treatment effect on tutees’ math scores
using, respectively, the baseline specification Equation (1) and an expanded version of Equa-
tion (1) that further controls for baseline individual characteristics including gender and
parental absence status. Estimates of the average-treatment effect coefficient λ change rela-
tively little across specifications. Taking column 2 with the full set of control variables as an
example, the estimated coefficient λ̂ indicates that the tutees have an average gain of 0.136σ
in math scores (significant at 1% level) compared to the control students from the same ex-
perimental classes. Columns 3 and 4 replicate the same estimations for tutees’ reading scores.
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tutoring, substitution, and achievement 159

Regardless of the empirical specifications used, the estimates of λ for reading scores are al-
ways insignificant and small in magnitude.

The disparity in the estimated achievement effects between math and reading, though
somewhat striking, does not come as a complete surprise. First, anecdotal evidence collected
from the teachers supervising the tutorial rooms indicates that the pairs usually spent more
time working on math than reading during the tutorial sessions, which may reflect the differ-
ence in the nature of homework for these two subjects: math homework requires a lot of writ-
ten work and calculations while language homework emphasizes more reading and reciting
that do not need to be done in front of a tutor. Second, one may well expect that the value
of tutoring may differ across subjects. For example, in mathematics, there are many problem-
solving “tricks,” which can be best learned through tutoring. For language, on the other hand,
a student can comprehend new words only if he/she spends effort to memorize them. Thus, if
tutoring increases test scores largely through improving problem-solving and test-taking skills,
which are more important for math than reading, the achievement effects of tutoring would
also be more salient for math than reading. Moreover, the fact that the estimated coefficient
on lagged test scores is always greater for reading than math also suggests that the achieve-
ment gap in reading is more persistent over time and thus more difficult to close compared to
that in math. Indeed, previous work on the efficacy of other educational interventions across
subject areas generally find that achievement gains tend to be larger for math than reading
(e.g., Angrist et al., 2010; Abdulkadiroğlu et al., 2011; Angrist et al., 2012; Dobbie and Fryer,
2013; Fryer, 2014). For example, in a similar setting of a randomized-controlled evaluation of
27 centers of the enhanced 21st CCLC program in the United States with 45 minutes of each
daily session used for structured-academic instruction similar to our after-school tutoring pro-
gram, Black et al. (2008) also find significant positive effects on math scores, but no effects on
reading scores. Because we never obtain any statistically significant or quantitatively large es-
timates for reading scores, for the more-detailed analysis in the remaining of the article, we fo-
cus only on the effects of the program on tutees’ math scores.

4.2. Differential Achievement Effects by Parental Absence Status. As mentioned, an emerg-
ing literature demonstrates that children from disadvantaged backgrounds benefit the most
from public-educational interventions. In this subsection, we use parental-absence status in
the baseline to proxy for family background and investigate the heterogeneity in the achieve-
ment effects for tutees of different parental-absence statuses.

In order to allow the treatment effects to vary by tutees’ parental-absence statuses, we first
interact the treatment dummy (Di j) with three mutually exclusive dummy indicators repre-
senting a student’s parental-absence status in the baseline: namely, NoParenti j for whether
a student was living without both parents, OneParenti j for whether a student was living with
a single parent, and TwoParentsi j for whether a student was living with both parents. Col-
umn 1 of Table 3 reports estimates of an expanded version of Equation (1) by replacing the
treatment dummy (Di j) with the three interaction terms. The point estimates show that the
average treatment effect is 0.091σ for tutees living with both parents, 0.076σ for tutees living
with a single parent, and 0.203σ for tutees living without both parents. Although the first
two estimates are not significant at conventional levels, the last coefficient is significant at
the 1% level. The inclusion of baseline individual controls in column 2 has little effect on the
estimates of these coefficients. Since the estimated coefficients for tutees living with one and
both parents are very close to each other in both specifications, we pool these two categories
together and use a single dummy indicator Parenti j to denote whether a student was living
with at least one parent in the baseline. Columns 3 and 4 report estimates employing only two
interaction terms Di j × NoParenti j and Di j × Parenti j. The estimates in column 3 suggest that
the program improved the math scores by 0.083σ for tutees living with one or both parents
and by 0.203σ for those living without both parents. Whereas the latter estimate remains
significant at the 1% level, the former also becomes significant at the 10% level because of the
increased precision in the estimation after pooling students living with one and both parents
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160 behrman et al.

Table 3
differential treatment effects by parental absence status

(1) (2) (3) (4)

Tutee*Living w/ both parents 0.091 0.107
(0.068) (0.086)

Tutee*Living w/ one parent only 0.076 0.084
(0.052) (0.056)

Tutee*Living with one or both parents 0.083* 0.094*
(0.047) (0.053)

Tutee*Living w/ no parent 0.203*** 0.190*** 0.203*** 0.190***
(0.046) (0.049) (0.046) (0.049)

Baseline individual controls Y Y
Baseline scores Y Y Y Y
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of observations 1815 1815 1815 1815

Note: The sample consists of all tutees and controls from 76 experiment classes whose endline test scores are avail-
able. Each column corresponds to a separate regression. The dependent variable the math scores in the endline test.
All columns control for baseline scores and class fixed effects. Columns 2 and 4 further control for baseline individual
characteristics including gender and dummy indicators for living with only one parent and living with no parent in the
baseline. Robust standard errors clustered at the class level are reported in parentheses. ***p<0.01, *p<0.1.

into a combined category. Moreover, the difference in these point estimates (0.120σ , with a
p-value of 0.02) indicates that the program yielded larger achievement gains for tutees cared
for by grandparents than those cared for directly by parents. Overall, the results in Table 3
point to larger math achievement gains for tutees living without both parents, suggesting an
important role of parental-absence status in affecting the efficacy of the after-school tutoring
intervention implemented.

4.3. Accounting for Other Potential Sources of Treatment Heterogeneity. One may be con-
cerned about whether parental-absence status is indeed the most relevant characteristic to
define subgroups with heterogeneous treatment effects given that parental absence is cor-
related with other student and family characteristics, which could also be potential sources
of treatment heterogeneity. In order to investigate this possibility, we estimate alterna-
tive empirical specifications that allow the treatment effects to differ by four other exoge-
nous/predetermined characteristics, namely baseline scores, gender, whether having received
any tutoring at home in the baseline, and the weekly home-tutoring time in the baseline. The
results of these regressions are reported in Panel A of Table 4. For all the characteristics ex-
amined, the coefficients on their interaction terms with the treatment dummy are very small
quantitatively and statistically insignificant. Moreover, the coefficient estimates on the treat-
ment dummy itself, which range from 0.122σ to 0.151σ , remain statistically significant and
quantitatively similar to the estimate (0.136σ ) obtained from the specification in column 3 of
Table 2 without any interaction term.

In Panel B of Table 4, we further investigate whether the difference in the estimated
achievement effects between tutees living with parent(s) and those living without both parents
is robust to accounting for other potential sources of treatment heterogeneity. The inclusion
of the additional interaction term between the treatment dummy and the corresponding char-
acteristic examined in each column of Panel B of Table 4 has relatively little effect on the esti-
mated coefficients on Di j × NoParenti j and Di j × Parenti j.

4.4. Treatment Heterogeneity with the Causal Forest. In Subsections 4.2 and 4.3, we exam-
ine treatment heterogeneity by choosing several one-way interactions between the treatment
dummy and exogenous/predetermined student characteristics. True variability in treatment
effects, however, may work through more complicated mechanisms and depend on flexible,
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tutoring, substitution, and achievement 161

Table 4
robust analysis of other potential sources of treatment heterogeneity

(1) (2) (3) (4)

Panel A. Other dimensions of treatment heterogeneity

Tutee 0.122** 0.123** 0.143*** 0.151***
(0.048) (0.048) (0.040) (0.039)

Tutee*baseline scores −0.021
(0.047)

Tutee*female 0.034
(0.075)

Tutee*tutored at home in the baseline −0.022
(0.071)

Tutee*home-tutoring time in the baseline −0.011
(0.018)

Baseline individual controls Y Y Y Y
Baseline scores Y Y Y Y
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of observations 1815 1815 1815 1815

Panel B. Robustness of differential treatment effects by parental absence status

Tutee*Living with one or both parents 0.084 0.084 0.094* 0.107*
(0.060) (0.059) (0.053) (0.049)

Tutee*Living with no parent 0.177*** 0.178*** 0.196*** 0.201***
(0.056) (0.058) (0.050) (0.049)

Tutee*baseline scores −0.017
(0.047)

Tutee*female 0.029
(0.075)

Tutee*tutored at home in the baseline −0.007
(0.070)

Tutee*home-tutoring time in the baseline −0.008
(0.018)

Baseline individual controls Y Y Y Y
Baseline scores Y Y Y Y
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of observations 1815 1815 1815 1815

Note: The sample consists of tutees and their within-class controls in all the 76 experimental classes. The dependent
variable is the math scores in the endline test. Each column in each panel corresponds to a separate regression. All
regressions control for baseline scores, gender, dummy indicators for living with only one parent and living with no
parent in the baseline, and class fixed effects. The regressions in columns 3 and 4 further control for a dummy indica-
tor for being tutored at home in the baseline and the weekly home-tutoring hours in the baseline, respectively. Robust
standard errors clustered at the class level are reported in parentheses. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

multiway interactions. In this subsection, we apply the causal-forest method14 proposed by
Wager and Athey (2018) to predict treatment effects based on high-dimensional, nonlinear
functions of observed variables.

Following Davis and Heller (2020), who carefully document the implementation details of
their application of causal forest to estimate treatment heterogeneity of a Chicago summer-
jobs program, we adopt the following estimation steps in our context:

14 The causal-forest method shares many similar principles as the conventional classification and regression trees
(CART) and random forests but differs in two fundamental ways (Athey and Imbens, 2016). First, it aims to esti-
mate conditional average-treatment effects (CATEs) instead of predicting outcomes. Second, it adopts an “honest”
approach to estimation, whereby the training sample is split into two parts, one for constructing the tree (including
the cross-validation step) and the other for estimating treatment effects within leaves of the tree.
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162 behrman et al.

(i) Draw 2/3 observations of the data without replacement as a training sample.
(ii) Use a random half of this training sample to grow a tree via recursively partitioning a

set of covariates15 that maximizes the variance of treatment effects across the leaves
according to the cross-validation criterion. An important assumption for the causal for-
est is that within each leaf, treatment assignment is orthogonal to potential outcomes.
For this assumption to hold under stratified randomization within each class in our
context, we employ the sample weight option of the causal_forest package in R using
inverse-probability weights that equal to 1/D̄ j for treatment observations and 1/(1 −
D̄ j ) for control observations, where D̄ j is the probability of treatment of class j.

(iii) Switch to the remaining half of the training sample, assign the new observations to the
corresponding leaves of the tree constructed in step (ii) based on their covariates, and
calculate the estimated treatment effect for each leaf as the difference in the weighted
mean outcomes between the treatment and control observations in this subset of the
training sample assigned to that leaf with the weights defined in step (ii).

(iv) Repeat steps (i) to (iii) 30,000 times. Given that each training sample consists of 2/3
observations only, each observation is on average used in estimating 20,000 out of a to-
tal of 30,000 causal trees.

(v) For each observation, use the subset of the causal trees (i.e., on average 10,000) whose
training sample does not contain this observation to make out-of-bag predictions of
the treatment effect and average across these predictions to calculate a single-valued
predicted-treatment effect.16

Figure 2 gives a visual presentation of how the predicted-treatment effects from the causal
forest and actual-treatment effects are related. In this figure, we sort observations into 20
bins by percentile ranking of predicted-treatment effect (x-axis), and for each bin calculate
the actual-treatment effect as the difference in mean outcomes between the treatment and
control observations within that bin (y-axis). Both the scatter plots and the fitted-linear line
demonstrate fairly strong positive relationships between the actual- and predicted-treatment
effects, suggesting that treatment effects indeed differ across subgroups determined by high-
dimensional, nonlinear functions of covariates as used in the causal-forest predictions.

In order to investigate whether the positive relationship between the actual- and predicted-
treatment effects demonstrated in Figure 2 is statistically meaningful, we conduct three empir-
ical tests. First, we follow Davis and Heller (2020) to estimate the following regression:

Yi j1 = α + Xi jβ + λDi j + μτ̂i j + ηDi j τ̂i j + ε,(2)

where Xi j is a vector including the randomization blocks (i.e., classes) and the covariates used
in the causal-forest prediction and τ̂i j is the causal-forest prediction of the treatment effect.
Rejecting η = 0 means both (a) there exists treatment heterogeneity and (b) that heterogene-
ity is captured by the causal-forest predictions based on the covariates.17 Second, we estimate
another functional form that Chernozhukov et al. (2020) show to yield the best-linear predic-

15 The set of covariates used includes baseline scores, baseline home-tutoring time, and dummy indicators for fe-
male, living without both parents, and whether having received any tutoring at home in the baseline, all of which are
employed in examining treatment heterogeneity through their interactions with the treatment dummy in the regres-
sions in Tables 3 and 4.

16 By averaging predicted-treatment effects across only the out-of-bag predictions made when an observation is
used in neither determining the tree structure nor estimating the treatment effects within leaves, the predicted-
treatment effect from this causal-forest procedure is not prone to overfitting.

17 However, failing to reject η = 0 does not necessarily mean treatment effects are homogeneous. Even if treatment
effects are heterogeneous, η could still be 0 if the causal-forest predictions do not “work” (i.e., contain too much noise
relative to signal for predicting treatment heterogeneity).
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tutoring, substitution, and achievement 163

Notes: For each of the 20 bins defined by percentile of predicted treatment effects by the causal forest, the
figure plots the actual average treatment effect against the predicted average treatment effect for each bin. The
dashed line is the linear fitted line between the actual and predicted average treatment effects.

Figure 2

predicted vs. actual treatment effects

tor of the CATE using the causal-forest predicted treatment effect. In our context, their strat-
egy corresponds to estimating the following linear regression:

Yi j1 = α + δB̂i j + λ(Di j − D̄ j ) + η(Di j − D̄ j )(τ̂i j − τ̄ ) + ε(3)

weighted by

wi j = 1

D̄ j(1 − D̄ j )
,

where B̂i j is the predicted-test score without treatment for observation i based on the same set
of covariates X as in the causal forest,18 D̄ j is the probability of treatment of class j as defined
above, and τ̄ is the average-predicted-treatment effects for all observations from the causal
forest. Third, we combine the first two strategies and estimate a hybrid specification that re-
places B̂i j in Equation (3) by the set of covariates Xi j used in Equation (2), that is,

Yi j1 = α + βXi j + λ(Di j − D̄ j ) + η(Di j − D̄ j )(τ̂i j − τ̄ ) + ε.(4)

Panel A of Table 5 presents the results of these three empirical tests. The estimates of
the interactive coefficient (η̂s) are positive and significant in all specifications, suggesting that
variation in predicted-treatment effects from the causal forest indeed represents statistically
meaningful heterogeneity in actual-treatment effects. However, the uncertainties of the esti-
mation of the predicted-treatment effect τ̂i j (a right-side variable in all specifications) out of
a random procedure are not accounted for in the standard errors of these estimated coeffi-
cients. In order to address this problem, we perform two robustness checks on the statistical

18 Specifically, we estimate a random forest of 10,000 trees using the control observations only and average across
their predictions to obtain B̂i j .
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164 behrman et al.

Table 5
assessing the causal forest predictions

(1) (2) (3)

Panel A. Slope Test

Di j τ̂i j 0.481**
(0.238)

(Di j − D̄ j )(τ̂i j − τ̄ ) 0.686*** 0.508**
(0.222) (0.244)

Predicted �Y without treatment Y
Covariates Y Y
Class fixed effects Y Y
90% CI [0.075, 0.856] [0.305 1.031] [0.091, 0.889]
p-value, one-tailed permutation test 0.014 0.008 0.016

Tercile of predicted treatment effect Difference

T1 T2 T3 T3−T1

Panel B. Summary Statistics by Tercile of Predicted Treatment Effect

Actual treatment effect 0.048 0.123** 0.239*** 0.191**
(0.062) (0.062) (0.061) (0.087)

Tutee 0.372 0.385 0.405 0.033
(0.028)

Female 0.365 0.379 0.412 0.046*
(0.280)

Baseline scores −0.566 −0.660 −0.694 −0.128**
(0.053)

Living with no parent 0.370 0.430 0.521 0.150***
(0.028)

Tutored at home in the baseline 0.365 0.233 0.357 −0.008
(0.027)

Home-tutoring time in the baseline 1.595 0.891 1.400 −0.195
(0.141)

Note: Panel A shows estimates of η for Equations (2)–(4) as discussed in Subsection 4.4. Panel B shows the means of
the actual treatment effect and baseline characteristics for each tercile of predicted treatment effect from the causal
forest (columns 1–3) and the difference between the first and third terciles (column 4). Robust standard errors are re-
ported in parentheses. ∗∗∗ p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

inference of the coefficient estimate η̂. The first adopts a version of the bootstrap strategy pro-
posed by Chernozhukov et al. (2020) to construct a valid confidence interval (CI) for η̂ that
accounts for variability in the causal-forest predicted treatment effect τ̂i j, whereas the second
calculates a one-tailed p-value for where our estimated coefficient η̂ falls in the distribution
of permuted estimates under the null hypothesis η = 0.19 The implementation details of these
two robustness checks are documented in the Online Appendix C.1. The results of these two
robustness checks are reported at the bottom of Panel A of Table 5. For all empirical specifi-
cations, the lower bounds of the 90% CIs are positive and the one-tailed p-value of the per-
mutation test is below 0.02.

Panel B of Table 5 reports descriptive statistics broken down by tercile of causal-forest
predicted treatment effects. The first row presents another piece of evidence that the causal-
forest prediction “works” for predicting actual-treatment heterogeneity: The top tercile group
(T3) in terms of causal-forest predicted treatment effects also has the largest actual-average
treatment effect (0.239σ ), followed by the middle tercile group (T2, 0.123σ ) and bottom ter-
cile group (T1, 0.048σ ), and the T3−T1 difference is statistically significant at the 5% level.

19 For similar applications of this permutation strategy, see also Heckman et al. (2010), Campbell et al. (2014), and
Davis and Heller (2020).
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tutoring, substitution, and achievement 165

The rest of the panel tries to understand the possible mechanisms by comparing baseline stu-
dent characteristics across different tercile groups. For every baseline characteristic, the sign
of the T3−T1 difference is consistent with the sign of the coefficient estimate on its one-way
interaction with the treatment dummy reported in Tables 3 or 4. However, only for gender,
baseline scores, and parental absence, the T3−T1 difference is statistically significant. Specif-
ically, compared with children predicted to be in the bottom tercile group, those predicted to
be in the top tercile group are 4.6 percentage points (p-value < 0.1) more likely to be female,
have average baseline scores 0.128σ lower (p-value < 0.05), and are 15.0 percentage points (p-
value < 0.01) more likely to be living with no parent. Note that for each baseline characteris-
tic, the T3−T1 difference only represents its simple correlation with the predicted-treatment
effect, which may confound the true mechanisms through its correlation with other determi-
nants of treatment heterogeneity. Therefore, we cannot take the statistically significant T3−T1
difference as decisive evidence that a baseline characteristic is indeed relevant in defining
treatment heterogeneity.20 Nonetheless, for the dummy indicator for living with no parent, the
facts that the T3−T1 difference is largest both quantitatively and statistically among all base-
line characteristics and that the coefficient estimate on its interaction term with the treatment
dummy is also significant (Table 3) seem to suggest that it is indeed the most relevant charac-
teristic to define subgroups with heterogeneous treatment effects.

4.5. Results on Home-Tutoring Inputs. We first examine the difference in baseline home-
tutoring inputs by parental-absence status before the intervention (Subsection 4.5.1) and then
compare changes in home-tutoring inputs after the intervention by students’ treatment and
parental-absence status (Subsection 4.5.2).

4.5.1. Baseline home-tutoring inputs. In this subsection, we examine whether and to what
extent the amount of tutoring that students received at home before our intervention differs
by their parental-absence status. Specifically, we estimate the following regression:

Hi j0 = β0NoParenti j + β1OneParenti j + β2TwoParentsi j + μ j + ηi j,(5)

where Hi j0 is a self-reported measure of home-tutoring inputs for student i from class j in
the baseline, taking the form of either a dummy indicator for having received any tutoring
at home or the total home-tutoring hours in the week prior to the baseline survey, the three
dummy indicators NoParenti j, OneParenti j, and TwoParentsi j are the same as defined in Sub-
section 4.2, and μ j is a class fixed effect. In estimating Equation (5), we normalize the class
fixed effects to sum to 0 across all students in the sample: That is,

∑J
j=1

∑n j

i=1 μ j = 0, where
nj denotes the number of students from class j and J is the total number of classes. With this
normalization, the coefficients β0, β1, and β2 on the three mutually exclusive dummy indica-
tors NoParenti j, OneParenti j, and TwoParentsi j can be directly interpreted as the regression-
adjusted, group-specific means in Hi j0.

Columns 1 and 2 in Panel A of Table 6 report estimates of Equation (5) with Hi j0 mea-
sured by the dummy indicator for having received any tutoring at home in the week prior to
the baseline survey and the total weekly home-tutoring hours, respectively. For children liv-
ing with one and both parents, the proportions who had received tutoring at home are al-
most exactly the same (35.1% and 35.2%), both of which are substantially higher than that
of children living without both parents (27.6%). The average home-tutoring time is also very
similar between children living with a single parent (1.47 hours/week) and both parents (1.51
hours/week), but is much smaller for those living without both parents (1.05 hours/week).
Since the absence of a single parent has little effect on the amount of tutoring that children

20 This is also part of the reason why for gender and baseline scores the coefficient estimates on their interaction
terms with the treatment dummy are insignificant in Panel A of Table 4, although their differences between the T3
and T1 group are statistically significant in Panel B of Table 5.
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166 behrman et al.

Table 6
results on home-tutoring inputs

Tutored at Weekly Home- Tutored at Weekly Home-
Home Tutoring Hours Home Tutoring Hours

(1) (2) (3) (4)

Panel A. Self-Reported Home-Tutoring Inputs in the Baseline

(A1) Living w/ both parents 0.351*** 1.505*** - -
(0.018) (0.101)

(A2) Living w/ one parent only 0.352*** 1.474*** - -
(0.017) (0.095)

(A3) Living w/ parent(s) - - 0.352*** 1.489***
(0.012) (0.069)

(A4) Living w/ no parent 0.276*** 1.049*** 0.276*** 1.049***
(0.014) (0.078) (0.014) (0.078)

Difference by the absence of - - 0.076*** 0.440***
both parents (i.e., (A3) − (A4)) (0.018) (0.104)
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of students 1815 1815 1815 1815

Tutees Controls

� Tutored � Weekly Home- � Tutored � Weekly Home-
at Home Tutoring Hours at Home Tutoring Hours

(1) (2) (3) (4)
Panel B. Changes in Self-Reported Home-Tutoring Inputs

(B1) Living w/ parent(s) −0.153*** −0.464*** −0.168*** −0.668***
(0.022) (0.122) (0.018) (0.115)

(B2) Living w/ no parent −0.048* −0.098 −0.146*** −0.568***
(0.020) (0.127)

Difference by the absence of 0.104*** 0.366** 0.022 0.100
both parents (i.e., (B1) − (B2)) (0.033) (0.186) (0.027) (0.171)
Class fixed effects Y Y Y Y
Number of classes 76 76 76 76
Number of students 703 703 1112 1112

Note: Each column of each panel corresponds to a separate regression. In Panel A, the dependent variable is a
dummy indicator for having reported any tutoring at home in the baseline survey for the odd columns and the re-
ported total home-tutoring hours in the week prior to the baseline survey for the even columns. In Panel B, the de-
pendent variable is the change in the dummy indicator for having reported any tutoring at home between the baseline
and endline surveys for the odd columns and the change in the reported weekly home-tutoring hours between the
baseline and endline surveys. All regressions control for class fixed effects, which are normalized to sum to 0 across
all students in the sample used in the regression. Robust standard errors clustered at the class level are reported in
parentheses. ∗∗∗ p < 0.01,∗∗ p < 0.05,∗ p <0.1.

received at home, we pool children living with one and both parents together into a single
dummy indicator Parenti j as defined before. The estimates, reported in columns 3 and 4 in
Panel A of Table 6, show that children living with parent(s) were 7.6 percentage points (or
27.5%) more likely to have received tutoring at home and on average reported 0.44 hours (or
41.9%) more home-tutoring time than those living apart from both parents, and the differ-
ences in both the extensive and intensive margins are significant at the 1% level.

4.5.2. Changes in home-tutoring time. For both the baseline and endline surveys, the self-
reported home-tutoring inputs (Hi jt) are the sum of the actual home-tutoring inputs (H∗

i jt) and
a reporting error (ei jt), that is, Hi jt = H∗

i jt + ei jt for t ∈ {0, 1}. In the baseline, no student was
aware of the after-school tutoring program to be implemented. Thus, any reporting error (if
it exists) should be balanced between the tutees and controls because of the random assign-
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tutoring, substitution, and achievement 167

ment. However, in the endline, the implementation of the after-school tutoring program may
have altered students’ incentives and reporting behaviors, especially for controls. Some fami-
lies in the control group seemed to believe that the program had targeted students most dis-
advantaged in home-tutoring inputs and therefore may have incentives to underreport their
home-tutoring times in the endline. To the extent that the reporting behaviors of the tutees
and controls were affected differently in the endline, we cannot directly compare changes in
self-reported home-tutoring times between the tutees and controls in a pooled class fixed-
effect regression.

Instead, we partition the tutees and controls into two subsamples, and for each subsample
estimate a separate class fixed-effect regression of the changes in self-reported home-tutoring
inputs as follows:

�Hi j = Hi j1 − Hi j0 = πκ0 NoParenti j + πκ1 Parenti j + δκj + ξκi j, κ ∈ {T,C}.(6)

The superscript κ ∈ {T,C} denotes whether the equation is estimated using the tutees’ sub-
sample (T) or the controls subsample (C), and the class fixed-effect δκj is now normalized to
sum to 0 across all students in each subsample. Columns 1 and 2 in Panel B of Table 6 re-
port estimates of Equation (6) for the tutees’ subsample. For tutees living with parent(s), the
estimates of the coefficient on Parenti j (πT

1 ) indicate that they were 15.3 percentage points
less likely to report having received tutoring at home in the endline (column 1) and on av-
erage reported 0.46 fewer hours of home-tutoring time per week compared to the baseline
(column 2). However, for tutees living apart from both parents, the estimates of the coeffi-
cient on NoParenti j (πT

0 ) indicate much smaller reductions in the reported home-tutoring in-
cidence and time, although the extensive-margin reduction (−4.8 percentage points) remains
marginally significant at the 10% level. Despite the potential effect of participating in the
after-school tutoring program on the change in reporting error �ei j, as long as such effect
is the same for tutees with different initial parental-absence status, that is, E[�ei j

∣∣Parenti j =
1,Di j = 1, δT

j ] = E[�ei j
∣∣NoParenti j = 1,Di j = 1, δT

j ], then the difference in the two coeffi-
cients πT

1 − πT
0 still identifies the differential response in the actual home-tutoring inputs

(�H∗
i j) between tutees living with and without parents, that is, πT

1 − πT
0 = E[�H∗

i j

∣∣Parenti j =
1,Di j = 1, δT

j ] − E[�H∗
i j

∣∣NoParenti j = 1, Di j = 1, δT
j ]. For both the extensive and intensive

measures of home-tutoring inputs, the difference π̂T
1 − π̂T

0 , reported at the bottom of Panel A
Table 6, is always negative and statistically significant, suggesting that there is indeed a differ-
ential extent of substitution in the actual home-tutoring inputs between tutees living with and
without parents.

Columns 3 and 4 in Panel B of Table 6 report estimates of Equation (6) for the subsample
of control students who did not participate in the after-school tutoring program themselves
but observed the participation of some of their classmates. For these students, the effect of
the program on changes in their reported home-tutoring inputs is likely to be dominated by
changes in their reporting behavior (�ei j) instead of changes in actual home-tutoring inputs
(�H∗

i j). Moreover, if the effect of the program on change in reporting error of control stu-
dents is the same by initial parental-absence status, that is, E[�ei j

∣∣Parenti j = 1,Di j = 0, δC
j ] =

E[�ei j
∣∣NoParenti j = 1,Di j = 0, δC

j ], then changes in the self-reported home-tutoring inputs
(�Hi j) should also not differ significantly between control students living with and without
parents. Indeed, although both groups of control students reported large and significant re-
ductions in home-tutoring times, the difference in the extent of the reduction is rather small
quantitatively: −16.8 versus −14.6 percentage points at the extensive margin and −0.67 ver-
sus −0.57 hours/week at the intensive margin. Moreover, the fact that we cannot reject the
equality of the changes in the self-reported home-tutoring inputs between the two types of
control students (i.e., πC

1 = πC
0 ) suggests no evidence that the program yields differential ef-

fects on reporting behavior for control students with different initial parental-absence status.
If the conclusion of no differential program effects on reporting behavior also carries over to
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168 behrman et al.

the tutees, then the estimate of πT
1 − πT

0 in columns 1 and 2 in Panel B of Table 6 indeed iden-
tifies the differential response in the home-tutoring inputs for tutees with different parental-
absence status in the baseline.

Although our results indicate that tutees cared for directly by parent(s) had experienced
larger reductions in home-tutoring inputs and smaller achievement gains than tutees cared for
by grandparents, a question remains as to what extent the difference in the achievement gains
between the two types of tutees is attributable to the difference in household substitution of
home-tutoring inputs. In order to answer this question, we next build and estimate a struc-
tural model of student achievement that allows a quantitative assessment of the difference in
achievement gains between tutees with different parental-absence statuses into the difference
in the direct effect due to the difference in the efficacy of tutoring inputs and the difference in
the indirect effect due to the difference in the household substitution.

5. model

In this section, we develop a simple structural model to integrate home- and school-tutoring
inputs and household decision making about home tutoring into the determination of stu-
dent achievement.

We extend the value-added production function developed by Summers and Wolfe (1977),
Boardman and Murnane (1979), Hanushek (1979), and Todd and Wolpin (2003)21 by relating
the endline achievement of student i in class j (Yi j1) to baseline achievement (Yi j0), contempo-
raneous classroom-level common influences (δ j1), contemporaneous after-school tutoring in-
puts (Ti1), and an error term (εi j1) as follows:

Yi j1 = αYi j0 + AτTi1 + δ j1 + εi j1.(7)

Although the conventional value-added model assumes that lagged achievement Yi j0 is a suf-
ficient statistic for all historical factors (e.g., innate ability, family circumstances, past invest-
ments) affecting contemporaneous achievement, the theory of dynamic human capital forma-
tion suggests that early life circumstances and subsequent investments may interact to deter-
mine later learning outcomes (e.g., Heckman, 2007; Cunha et al., 2010).22 Thus, it is possible
that early life environments, for which we use parental absence status as a proxy, may inter-
act with contemporaneous after-school tutoring inputs Ti1. Therefore, we allow the efficacy of
total tutoring in promoting achievement Aτ to differ by caregiver type τ ∈ {p, g} to account
for the potential complementarity or substitutability between early life environments and con-
temporaneous tutoring inputs, with p representing the child is cared for by parents and g rep-
resenting the child is cared for by grandparents. We assume εi j1, which consists of the impact
of other omitted contemporary variables and measurement error on endline test scores, is or-
thogonal to the included inputs in Equation (7) and is individually and independently dis-
tributed (i.i.d.) drawn from a normal distribution N(0, σ 2).23

21 Several papers compare estimates of teacher effectiveness derived from value-added models to test-score gains
derived from random assignment of students to teachers and find the models to be reliable (e.g., Kane and Staiger,
2008; Kane et al., 2013; Chetty et al., 2014).

22 Although some influential research supports the “dynamic complementary” of human capital formation by
showing that the effects of preschool interventions are larger for those with higher initial endowments (e.g. Aizer and
Cunha, 2012; Heckman et al., 2013), a few recent studies suggest the opposite by documenting that the latter life in-
vestments can help remediate for disadvantage generated very early in life (Adhvaryu et al., forthcoming; Goff et al.,
forthcoming; Rossin-Slater and Wüst, 2020).

23 Given the random assignment of school-tutoring time Si1, this assumption requires home-tutoring time Hi1 to be
uncorrelated with the omitted contemporary inputs and measurement error in εi j1 conditional on lagged achievement
Yi j0 and class fixed effects δ j1.
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tutoring, substitution, and achievement 169

Total tutoring in the endline Ti1 is an aggregation of the tutoring time received in school
(Si1) and tutoring time received at home (Hi1) in the endline via a CES function with a degree
of scale ρ as follows:

Ti1 = [Sγi1 + θHγ

i1]
ρ

γ ,(8)

where the factor-loading parameter of school-tutoring time is normalized to be 1, and θ > 0 is
the factor-loading parameter of home-tutoring time. In a robustness check presented in Sub-
section 6.2, we allow θ to vary by caregiver’s type or education, but we find no evidence of
heterogeneity in home-tutoring efficiency. γ ∈ (−∞, 1) with 1

1−γ corresponding to the elastic-
ity of substitution between Si1 and Hi1. ρ is the degree of scale and we focus on diminishing
returns to scale, that is, ρ ∈ (0, 1).

Given the achievement-production function in Equation (7), taking the cross derivative of
endline test score (Y) with respect to endline school and home tutoring (S and H) yields

∂2Y
∂S∂H

= Aτ ρ(ρ − γ )θ [Sγ + θHγ ]
ρ

γ
−2Sγ−1Hγ−1.

Since all terms are positive except possibly ρ − γ , the sign of ∂2Y
∂S∂H is determined by the sign of

ρ − γ . Note that smaller ρ indicates greater diminishing returns, whereas smaller γ indicates
greater complementarity between H and S in their aggregation.24 Thus, S and H are direct
substitutes in promoting achievement ( ∂2Y

∂S∂H < 0) when diminishing returns dominate comple-
mentarity (ρ < γ ), and direct complements otherwise.

We next consider the household’s optimization problem. Given the exogenously deter-
mined level of school-tutoring time S, caregivers optimally choose home-tutoring time H to
maximize their valuation of child achievement net of the cost of home-tutoring efforts.25 For
ease of illustration, we normalize the unit cost of home-tutoring time to be 1 for all house-
holds, but introduce heterogeneity by allowing the distribution of valuation of child achieve-
ment to vary by caregiver type τ (i.e., between grandparents and parents).26 Therefore, the
caregiver of child i’s objective function in period t ∈ {0, 1} (baseline and endline, respectively)
is as follows:

max
Hit

ωiτE[Yi jt ] − ψ1(Hit > 0) − Hit,(9)

where ωiτ > 0 stands for the caregiver’s valuation of child achievement and is assumed to fol-
low a Gamma distribution �(ντ , ζτ ), in which both the shape parameter ντ and the scale pa-
rameter ζτ differ by caregiver type τ . It is worth noting that when the shape parameter ντ is
small, as is the case in our context, the Gamma distribution is a left-leaning curve with a mass
distribution on the left tail. ψ > 0 is the fixed cost (in terms of time) for providing home tu-
toring, which, together with a small ντ , allows us to capture the fact that a large proportion

24 In the extreme case in which γ = −∞, S and H are perfect complements in producing T such that T =
min{Sρ, θHρ}.

25 For simplicity, the model only considers one-child families. An extended model with more than one child will
predict a stronger substitution effect within the household compared to the current model with one child. In multiple-
children families, caregivers may spend more time with tutees’ siblings without school tutoring after school tutoring
becomes available to tutees.

26 Note that here we normalize the unit cost of caregiver’s time to be one and allow the distribution of the valuation
of child achievement to vary by caregiver type. An alternative specification would be to normalize the valuation of
children’s achievement to be one and allow the unit cost to vary both between and within caregiver types. These two
optimization problems are equivalent. The former can be transformed into the latter by dividing the objective func-
tion by the caregiver-specific valuation of child achievement ωiτ : Yi jt − ψ

ωiτ
1(Hit > 0) − 1

ωiτ
Hit . Therefore, for ease of

illustration, we choose to normalize the unit time cost to be one and allow the distribution of the valuation of chil-
dren’s achievement to vary by caregiver type.
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170 behrman et al.

of caregivers choose zero home-tutoring time.27 In a robustness check presented in Subsection
6.2, we allow ψ to vary by caregiver’s type, but we find no evidence that fixed costs differ be-
tween parents and grandparents.

Given the additive linear specification of achievement production in Equation (7), we can
omit the components of determining contemporary achievement E[Yi jt] that are irrelevant to
home-tutoring time Hit (i.e., αYi jt−1, δ jt , and εi jt) and treat the caregiver’s optimization prob-
lem as maximizing the return to total tutoring Tit net of the total cost of home-tutoring pro-
vision. The former depends on the product of the caregiver’s valuation of child achievement
ωiτ and the efficacy of total tutoring in achievement production Aτ , where the latter depends
on the sum of the fixed and variable costs of home-tutoring time. Define κiτ = ωiτAτ as the
caregiver-specific return to total tutoring Tit ; the caregiver’s objective function in Equation (9)
can be simplified as

max
Hit

κiτ
[
Sγit + θHγ

it

] ρ

γ − ψ1(Hit > 0) − Hit .(10)

With the objective function Equation (10), the caregiver’s interior solution for optimal home-
tutoring time H∗

it (κiτ ,Sit; ρ, γ , θ ) is given by

ρθ
[
Sγit + θH∗γ

it

] ρ

γ
−1

H∗γ−1

it = 1
κiτ
.(11)

As shown in Online Appendix D.1, applying the implicit-function theorem to Equation (11)
yields the following relationship between the household’s interior solution for optimal home-
tutoring time H∗ and school-tutoring time S:

dH∗

dS
= (ρ − γ )Sγ−1

(1 − ρ)θH∗γ−1 + (1 − γ )SγH∗−1 .(12)

Since all terms in Equation (12) are positive except possibly ρ − γ , dH∗
dS has the same sign as

ρ − γ . In particular, when ρ < γ , that is, S and H are direct substitutes in achievement produc-
tion, dH∗

dS < 0.
Although the interior solution for optimal home-tutoring time H∗

it given by Equation (11) is
always positive, the caregiver would still choose zero home-tutoring time if it yields a higher
net value than choosing H∗

it , that is, κiτSρit > κiτ [Sγit + θH∗γ
it ]

ρ

γ − ψ − H∗
it , which is possible with

a fixed cost of home tutoring ψ . Therefore, the unconstrained optimal home-tutoring time, de-
noted as H∗∗

it , is given by

H∗∗
it =

{
H∗

it if κiτ
[
Sγit + θH∗γ

it

] ρ

γ − ψ − H∗
it > κiτSρit

0 otherwise.
(13)

In the remainder of this section, we derive some propositions generated from the model un-
der the condition ρ < γ (i.e., S and H are direct substitutes in achievement production), which
will be examined in the structural estimation in the next section. We provide some intuitions
for both interior and corner solutions in the main text. More detailed discussions about the in-
terior and corner solutions are in Online Appendix D and E, respectively.

Proposition 1. Households’ optimal home-tutoring times decrease weakly with school-
tutoring times.

27 The idea of introducing fixed costs to allow for corner solutions is common in the trade literature. For example,
Helpman et al. (2008) introduce fixed costs of exporting such that some firms choose not to export.
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tutoring, substitution, and achievement 171

When we consider the interior solution of home-tutoring choice, under the condition ρ <
γ , households’ optimal home-tutoring times decrease with school-tutoring times, which is
derived directly from Equation (12). When allowing for corner solutions, a weaker version
holds in the sense that households’ optimal home-tutoring times decrease weakly with school-
tutoring times. In particular, there exists a household-specific threshold value S∗ ≥ 0 such that
the caregiver chooses zero home-tutoring time when S ≥ S∗. The detailed proofs of interior
and corner solutions are in Online Appendix D.1 and E.1, respectively.

Given Proposition 1, under the interior solution, although the direct effect of increased
school-tutoring time on total tutoring T ( ∂T

∂S ) is positive, the indirect effect through house-
hold’s substitution in home-tutoring time ( ∂T

∂H∗ · dH∗
dS ) is negative. Nonetheless, as we show for-

mally in Online Appendix D.2, when caregivers choose the interior solution (positive home-
tutoring time), the positive direct effect always dominates the negative indirect effect such
that the net effect on total tutoring ( dT

dS = ∂T
∂S + ∂T

∂H∗ · dH∗
dS ) remains positive despite house-

hold’s substitution in home-tutoring time. Given the achievement-production function, Equa-
tion (7), a net increase in total tutoring T also leads to an increase in achievement Y . When
we allow for the corner solution, as shown in Online Appendix E.2, increasing school-tutoring
time has a net positive effect on both total tutoring and student achievement almost every-
where except for the point where the increase in school-tutoring time happens to induce
households to switch from choosing positive home-tutoring time to zero home-tutoring time.

Proposition 2. The positive direct effect of increased school-tutoring time dominates the neg-
ative indirect effect through household’s optimal substitution in home-tutoring time, resulting
in an overall increase in both total tutoring and student achievement almost everywhere except
for the point where the increase in school-tutoring time happens to induce households to switch
from choosing positive home-tutoring time to zero home-tutoring time.

Equation (11) shows that in addition to school-tutoring time Sit , the optimal choice of
home-tutoring time H∗

it also depends on the caregiver-specific returns to total tutoring κiτ .
As shown in Online Appendix D.3, applying the implicit-function theorem to Equation (11)
shows that given school-tutoring time S, under the parameter space considered here (i.e., κ >
0, θ > 0, and 0 < ρ < γ < 1), household’s optimal interior solution for home-tutoring time H∗

increases with caregiver’s returns to total tutoring κ , that is,

dH∗

dκ
= 1

κ2ρθ [Sγ + θ (H∗)γ ]
ρ

γ
−2(H∗)γ−2((1 − γ )Sγ + (1 − ρ)θ (H∗)γ )

> 0.

When allowing for corner solutions, a weaker version holds such that home-tutoring time in-
creases weakly with caregiver-specific returns to total tutoring κ conditional on fixed costs of
home-tutoring ψ and school-tutoring time S. In particular, for a given fixed cost of home-
tutoring provision ψ and a given level of school-tutoring time S, there exists a threshold value
κ∗(S, ψ ) such that caregivers with κ > κ∗(S, ψ ) choose positive home-tutoring time whereas
those with κ ≤ κ∗(S, ψ ) choose zero home-tutoring time. More detailed discussions of corner
solutions are provided in Online Appendix E.3.

Proposition 3. Given the same level of school-tutoring time, children cared for by caregivers
with higher κ receive a weakly higher level of home-tutoring time than those cared for by care-
givers with lower κ .

We next consider how the adjustments in the optimal level of home-tutoring time (i.e., dH∗
dS )

differ across caregivers with different returns to total tutoring κ . In Online Appendix D.4, we
derive formally that the cross-derivative d2H∗

dSdκ is negative at interior solutions. This together
with dH∗

dS < 0 (Proposition 1), implies that when school-tutoring time increases, caregivers with
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172 behrman et al.

higher κ reduce their home-tutoring time more than those with lower κ . When accounting
for corner solutions, as shown in Online Appendix E.4, a weaker version holds except for the
point where the caregiver with a lower κ switches from the interior solution to the corner so-
lution.

Proposition 4. When school-tutoring time increases, caregivers with higher κ reduce their
home-tutoring time weakly more than those with lower κ almost everywhere except for the point
where the caregiver with a lower κ switches from the interior solution to the corner solution.

We consider how the net effect of increased school-tutoring time on total tutoring (i.e., dT
dS )

differs across children cared for by caregivers with different κ . We derive formally in Online
Appendix D.5 that the cross-derivative d2T

dSdκ is negative at interior solutions, which together
with dT

dS > 0 (Proposition 2) implies that an increase in school-tutoring time leads to a smaller
increase in total tutoring for children cared for by caregivers with higher κ than those cared
for by caregivers with lower κ .28 When considering corner solutions, a weaker version holds
almost everywhere except for the point where the household with lower κ switches from the
interior solution to the corner solution. Online Appendix E.5 provides more discussions re-
garding corner solutions.

Proposition 5. When school-tutoring time increases, children cared for by caregivers with
higher κ experience a weakly smaller increase in total tutoring T than those cared for by care-
givers with lower κ almost everywhere except for the point where the caregiver with a lower κ
switches from an interior solution to a corner solution.

Figure 3 summarizes the predictions of our theoretical analysis (under the condition ρ <

γ ) regarding the optimal interior choice of home-tutoring time for two representative house-
holds with children cared for by parents and grandparents, denoted by p and g, respectively.
In line with our empirical observation that parents on average choose higher levels of home-
tutoring time than grandparents, we assume that the representative parents have higher re-
turns to total tutoring than the representative grandparents, κ̄p > κ̄g. In the figure, the verti-
cal axis represents the left-side expression of Equation (11), that is, dT

dH , and the two horizon-
tal lines correspond to the, respective, right-side values of Equation (11) for the representa-
tive parents and grandparents, that is, the inverse of their valuation of total tutoring 1

κ̄p
and

1
κ̄g

. First, with an initial level of school-tutoring time S, parents choose a higher optimal level

of home-tutoring time than grandparents, H̄∗
p > H̄∗

g (Proposition 3). Second, when the level of
school-tutoring time increases from S to S′, both parents and grandparents reduce their level
of home-tutoring time, H̄∗′

p < H̄∗
p and H̄∗′

g < H̄∗
g (Proposition 1). Third, the extent of the re-

duction in home-tutoring time is greater for parents than grandparents, H̄∗
p − H̄∗′

p > H̄∗
g − H̄∗′

g
(Proposition 4).

Although not demonstrated in Figure 3, Proposition 2 implies that the positive direct effect
of increased school-tutoring time dominates the negative indirect effect of decreased home-
tutoring time such that higher school-tutoring time leads to higher total tutoring for both
types of caregivers, that is, T̄ ′

p > T̄p and T̄ ′
g > T̄g. Moreover, given that κ̄g < κ̄p, Proposition 5

further predicts a larger increase in total tutoring for children cared for by grandparents than
those cared for by parents, that is, �T̄g = T̄ ′

g − T̄g > �T̄p = T̄ ′
p − T̄p. However, whether and

to what extent the larger increase in T for children cared for by grandparents translates into
larger achievement gains also depends on the relative magnitude of the two efficacy param-
eters Ag and Ap. Given that �Ȳτ = Aτ�T̄τ for τ ∈ {p, g}, a sufficient condition for children

28 Note that Proposition 5 only states a monotone relationship between changes in total tutoring �T and caregiver-
specific returns to total tutoring κ but not one between achievement gains �Y and κ . As discussed later in this sec-
tion, the former does not necessarily translate into the latter because children may also differ in the efficacy of total
tutoring in achievement production A.
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tutoring, substitution, and achievement 173

Figure 3

household’s optimal choices of home-tutoring time

cared for by grandparents to experience larger achievement gains than those cared for by par-
ents is Ag > Ap, under which differences in both Aτ and �T̄τ will lead to �Ȳg > �Ȳp. De-
note ω̄p and ω̄g the, respective, valuation of child achievement of the representative parents
and grandparents. Given that κ̄τ = Aτ ω̄τ for τ ∈ {p, g}, under the aforementioned assumption
κ̄p > κ̄g, the condition Ag > Ap holds if the difference in the valuation of child achievement
between parents and grandparents dominates the difference in the efficacy parameter, that is,
ω̄p

ω̄g
>

Ag

Ap
> 1.

6. estimation

In this section, we first describe our estimation procedure (Subsection 6.1), then report
our estimates (Subsection 6.2), and finally present decomposition and counterfactual analysis
(Subsection 6.3).

6.1. Estimation Procedure. We employ simulated maximum likelihood (SML) to jointly
estimate the parameters in the achievement-production function (Aτ , ρ, γ , θ, α, and σ ) and
those in the caregiver’s maximization problem (ντ , ζτ , and ψ) using data of tutees and con-
trols in the baseline and endline. Because controls report a larger decline in home-tutoring
time compared to tutees in the endline survey, we allow for potential underreporting of home
tutoring for controls who actually received tutoring at home in the endline. Suppose H∗∗

i1 is
the actual home-tutoring time for control i in the endline. We assume when optimal home-

 14682354, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/iere.12668 by Z

hejiang U
niversity, W

iley O
nline L

ibrary on [23/02/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



174 behrman et al.

tutoring time is positive, with probability pu, the control respondent underreported his/her
home-tutoring time by lu. Hence, the reported home-tutoring time is linked to the actual
home-tutoring time as follows:

Hit =
{

1{ri ≥ pu}H∗∗
it + 1{ri < pu} max{H∗∗

it − lu, 0} i ∈ controls, t = 1,H∗∗
it > 0,

H∗∗
it otherwise,

(14)

where ri is a random number drawn from the uniform distribution. For control respondents
with positive optimal home-tutoring time in the endline, if ri ≥ pu, caregivers report the actual
home-tutoring time; otherwise, they underreport home-tutoring time by lu. If H∗∗

it − lu < 0, we
assume that the caregivers report zero home-tutoring time.

We estimate pu and lu together with other parameters in the model to detect the underre-
porting problem. If pu = 0, there is no underreporting behavior for controls. For tutees and
controls in the baseline, we assume no underreporting problem. In addition, we assume no
trend in home-tutoring input. Therefore, the underreporting parameters are identified from
the lack of fit for endline home inputs among the control group between the model and data.
In particular, pu is identified by the difference in the share of children with zero home tutor-
ing between the data and model for controls in the endline, and lu is identified by the dif-
ference in the average home-tutoring time between the data and model for the same group
of people.

Since we observe school- and home-tutoring time, as well as baseline and endline test scores
for tutees, the parameters in the production function can be identified. The distribution of
home-tutoring time, including the share of children with zero home tutoring and the average
home-tutoring time, identifies caregivers’ valuation of child achievement and fixed costs of
home tutoring.

The likelihood contains two parts. The first part is the likelihood of endline achievement
and the second is the likelihood of baseline and endline home-tutoring time. The log likeli-
hood is

L =
∑

i

log(φy(Yi j1)) +
∑

i

∑
t∈{0,1}

log(φh(Hit )),

where φy is the probability density of endline score Yi j1 and φh is the probability density of ob-
served baseline and endline home-tutoring time Hit . We match the likelihood for both tutees
and controls.

From Equations (7) and (8), the observed endline-math score is given by

Yi j1 = αYi j0 + Aτ [Sγi1 + θ (H∗∗
i1 )γ ]

ρ

γ + δ j1 + εi j1,

The school-tutoring time Sit is set to be three hours per week for tutees and zero for con-
trols. H∗∗

i1 is the actual home-tutoring time in the endline. For tutees, we use their self-reported
home-tutoring time in the endline as the actual home-tutoring time. For controls, since they
probably underreport their home-tutoring time in the endline, we simulate their actual home-
tutoring time from their caregivers’ optimization problem. In particular, we draw caregivers’
valuations of child achievement ωiτ from the Gamma distribution �(ντ , ζτ ) and predict their
actual home-tutoring time numerically using Equation (13). We repeat the simulation 100
times for each control to get their average actual home-tutoring time.

We assume that εi j1 is an i.i.d. random variable drawn from a normal distribution N(0, σ 2)
orthogonal to home-tutoring time Hi1. The class fixed effects δ j1 are estimated by taking
the class-level average on both sides of Equation (7), that is, δ j1 = Ej[Yi j1] − αEj[Yi j0] +
AτEj[(Sγi1 + θ (H∗∗

i1 )γ )
ρ

γ ], where Ej[·] represents taking the class-level average. The probabil-
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tutoring, substitution, and achievement 175

Table 7
estimation results of the structural model

Panel A. Production Function

ρ γ θ Ag Ap α σ

Coeff. 0.147 0.223 0.673 0.288 0.163 0.571 0.693
S.E. (0.015) (0.037) (0.044) (0.029) (0.017) (0.278) (0.290)

γ − ρ Ag − Ap θ − 1
Diff. 0.076** 0.126*** −0.327***
S.E. (0.038) (0.033) (0.044)

Panel B. Optimization Problem

νg νp ζg ζp ψ pu lu

Coeff. 0.080 0.110 448.9 929.7 0.505 0.518 1.664
S.E. (0.008) (0.021) (45.8) (109.4) (0.085) (0.077) (0.329)

Note: We employ the sample of both tutees and controls in the baseline and endline periods and use the maxi-
mum likelihood estimation (MLE) to estimate the parameters of the achievement production function (Panel A) and
household optimization problem (Panel B). ∗∗∗ p < 0.01,∗∗ p < 0.05,∗ p <0.1.

ity density of Yi j1 is obtained by φn((Yi j1 − Ŷi j1)/σ )/σ , where φn is the probability density of a
standard normal distribution and Ŷi j1 is the model’s predicted test score.

For the second part of the likelihood, we numerically simulate the distribution of observed
home-tutoring time for tutees and controls in both periods t ∈ {0, 1}. School-tutoring time is
set to zero hours for controls, zero hours for tutees in the baseline, and three hours for tutees
in the endline. We simulate the optimal home-tutoring time by drawing caregivers’ valuations
of child achievement ωiτ from the Gamma distribution �(ντ , ζτ ) and predict their optimal
home-tutoring time numerically following Equation (13). For tutees, controls in the baseline,
and controls in the endline with zero optimal home tutoring, we assume that their observed
home-tutoring time is equal to their actual home-tutoring time (Hi1 = H∗∗

i1 ). For controls with
positive optimal home-tutoring time in the endline, we simulate their observed home-tutoring
time by accounting for the underreporting behavior following Equation (14). In particular, for
each individual, we make a draw of ri from the uniform distribution. If ri < pu, the individ-
ual reports zero home-tutoring time if H∗∗

it ≤ lu and reports H∗∗
it − lu if H∗∗

it > lu, that is, Hit =
max{H∗∗

it − lu, 0}. If ri ≥ pu, the individual reports the actual home-tutoring time (Hi1 = H∗∗
i1 ).

We repeat the simulation 500 times for the whole sample to obtain the numerical distribution
of Hit , which allows for the corner solution.

6.2. Estimates. Panel A of Table 7 shows the estimates for the achievement production
function, Equation (7). The estimated ρ and γ are 0.147 and 0.223, respectively. Their differ-
ence is statistically significant at the 5% level. This confirms ρ < γ , the condition that we im-
pose in deriving the model predictions in Section 5, implying that diminishing returns domi-
nate complementarity and school tutoring and home tutoring are direct substitutes. The esti-
mated efficiency for home tutoring θ is 0.673, suggesting that home-tutoring time is two-thirds
as efficient as school-tutoring time, whose factor loading is normalized to be one. The esti-
mated Ag (0.288) is larger than Ap (0.163) and their difference is statistically significant at the
1% level, suggesting that tutoring is more efficacious for children growing up in disadvantaged
early life circumstances (i.e., left-behind by parents in care of grandparents). Our finding of
the substitutability between early life circumstances and contemporaneous tutoring inputs is
consistent with several recent studies documenting that latter life investments can help re-
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176 behrman et al.

mediate disadvantages generated very early in life (Adhvaryu et al., forthcoming; Goff et al.,
forthcoming; Rossin-Slater and Wüst, 2020).29

Panel B of Table 7 further presents the estimates for households’ optimization problem,
Equation (10). The valuation of child achievement ωiτ follows the Gamma distribution with
the shape parameter ντ and scale parameter ζτ for τ = {g, p}. Panel A of Figure 4 plots the
respective cumulative distribution function (CDF) curves of ω for grandparents and parents.
Since the estimated shape parameters are small for both parents and grandparents (0.080 and
0.110, respectively), both distributions are highly positively skewed with a mass distribution
on the left tail. For ease of illustration, we use the percentile scale of ω for grandparents in
the horizontal axis of Panel A such that the CDF curve for grandparents is the 45-degree
line from the origin. The CDF curve of ω for parents is always to the right of the 45-degree
line, showing that F−1

p (q) > F−1
g (q) ∀ q, where F−1

τ (.) denotes the inverse CDF function of ω
for τ ∈ {p, g} and q denotes percentile. Next, we further check whether the quantitative dif-
ferences in the CDF curves shown in Panel A of Figure 4 provide statistical support for the
distribution of ω for parents to first-order stochastically dominate (FOSD) that for grandpar-
ents. To do so, we employ a bootstrap strategy that calculates the one-sided p-value for the
observed difference in ω between parents and grandparents at percentile q under the null hy-
pothesis F−1

p (q) ≤ F−1
g (q) for q ∈ {10, 25, 50, 75, 90}. The implementation details of the boot-

strap process are documented in the Online Appendix C.2. The p-values for the bootstrap test
are 0.02, 0.05, 0.08, 0.05, and 0.02 for the 10th, 25th, 50th, 75th, and 90th percentiles, respec-
tively, suggesting that the differences in the CDF curves in Panel A of Figure 4 at these per-
centiles are statically significant at the 10% level.

Although parents FOSD grandparents in terms of valuation of child achievement (ωiτ ), it
remains unclear who has higher returns to total tutoring (κiτ = Aτωiτ ) because Ap < Ag. In
order to answer this question, we scale the two CDF curves ωp and ωg in Panel A of Figure 4
horizontally by the corresponding estimates of the efficacy parameter of total tutoring (i.e.,
0.163 for ωp and 0.288 for ωg) to obtain the CDF curves for κp and κg in Panel B of Figure 4.
The κp curve is always to the right of the κg curve, suggesting that parents have higher κ
than grandparents at any percentile of the distribution. Moreover, the bootstrap test yields p-
values of 0.04, 0.07, 0.09, 0.06, and 0.04 for the 10th, 25th, 50th, 75th, and 90th percentile, re-
spectively, suggesting that the differences in κ between parents and grandparents at these per-
centiles are statistically significant at the 10% level. Given Propositions 3 and 4 in Section 5,
when κp > κg, non-LBC would receive higher levels of home-tutoring time than LBC and in-
creases in school-tutoring time leads to larger reductions in home-tutoring time for non-LBC
than LBC, both of which are confirmed by the empirical results in Table 6.

Finally, the estimation shows that the fixed cost ψ = 0.505. This, together with the mass dis-
tribution of ω on the left tail, allows the model to predict a large share of households choosing
zero home-tutoring time as observed in the data.

Panel A of Table 8 presents the model fit for endline test scores of controls and tutees by
caregiver types. Similar to Subsection 4.4, we adjust for differences in treatment probabilities
across classes using inverse probability weights that equal to 1/D̄ j for tutees and 1/(1 − D̄ j )
for controls, where D̄ j is the probability of treatment of class j. First, the model matches the
endline test scores for LBC controls (column 1), LBC tutees (column 2), non-LBC controls
(column 4), and non-LBC tutees (column 5). Second, the model predicts substantially higher
endline scores for tutees than controls, and the predicted score differences between tutees

29 Specifically, Adhvaryu et al. (forthcoming) find that the PROGRESA program in Mexico had the largest effects
on children impacted by negative rainfall shocks at birth with each additional year of program exposure mitigating al-
most 20% of early disadvantage; Rossin-Slater and Wüst (2020) interact preschool access at age 3 with access to nurse
home visit program in infancy in Denmark and find that access to nurse home visit program reduced the positive im-
pact of preschool on the human capital index by 74%; Goff et al. (forthcoming) also find some suggestive evidence
that access to better high school yields smaller gains in Baccalaureate exam scores among Romanian students who
were born after the lifting of an abortion ban and thus experienced better family environments and greater parental
investments during childhood.
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Notes: The x-axis for Panel A (Panel B) is the percentile of ω (κ) for grandparents, so the CDF of ω (κ) for grandpar-
ents is on the 45-degree line.

Figure 4

cdf of ω and κ for grandparents and parents

and controls are significantly larger for LBC tutees (0.159σ , column 2) than non-LBC tutees
(0.073σ , column 5).

Panels B and C of Table 8 report the model fit on the share choosing positive home-tutoring
time and average weekly home-tutoring hours for tutees, respectively. In the baseline period,
the model predicts that non-LBC tutees are more likely to receive positive home tutoring and
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178 behrman et al.

Table 8
model fit

LBC Non-LBC

Control Tutee Tutee - Control Control Tutee Tutee - Control
(1) (2) (3) (4) (5) (6)

Panel A. Endline Test Scores

Data −0.592 −0.426 0.166 −0.465 −0.393 0.072
Model −0.592 −0.433 0.159 −0.464 −0.392 0.073

LBC non-LBC

Baseline Endline Endline - Baseline Baseline Endline Endline - Baseline
(1) (2) (3) (4) (5) (6)

Panel B. Share Choosing Positive Home-Tutoring Time, Tutees

Data 0.230 0.133 −0.097 0.375 0.251 −0.124
Model 0.256 0.186 −0.070 0.346 0.248 −0.098

Panel C. Average Weekly Home-Tutoring Hours, Tutees

Data 0.802 0.507 −0.295 1.557 1.123 −0.434
Model 0.804 0.594 −0.210 1.422 1.084 −0.338

Panel D. Share Choosing Positive Home-Tutoring Time, Controls

Data 0.285 0.135 −0.150 0.350 0.189 −0.161
Model 0.256 0.138 −0.118 0.346 0.213 −0.133

Panel E. Average Weekly Home-Tutoring Hours, Controls

Data 1.070 0.558 −0.511 1.550 0.897 −0.653
Model 0.804 0.480 −0.324 1.422 1.041 −0.380

Note: Panel A compares the observed data and model predictions for endline test scores of controls and tutees by
caregiver type. Panels B and C (D and E) compare the observed data and model predictions for the share choosing
positive home-tutoring time and average weekly home-tutoring hours for LBC and non-LBC tutees (controls). All
panels adjust for differences in treatment probabilities across classes using inverse probability weights.

have higher average home-tutoring hours than LBC tutees. With the provision of school tutor-
ing in the endline period, the model predicts the home-tutoring time to decline for both types
of tutees but to a greater extent for non-LBC tutees. All these predictions are in line with ob-
served data reported in the upper rows and the reduced-form results on home-tutoring inputs
in Table 6.

The model fits on the share choosing positive home-tutoring time and average weekly
home-tutoring hours for controls are further reported in Panels D and E of Table 8, respec-
tively. The model’s predicted baseline home-tutoring for controls is the same as that for tutees
because there is no systematic difference in the model that will lead to differential responses
between the two groups. The model’s predicted endline home tutoring for controls has been
adjusted for underreporting and it matches the observed home tutoring (in the upper rows)
well. Table 7 shows that 51.8% of controls with positive optimal home-tutoring time underre-
port and they underreport on average by 1.66 hours per week. Since only 30.6% of controls
have positive optimal home-tutoring time, this suggests that 15.8% (30.6% × 51.8%) of
controls underreport their home-tutoring time.

In Online Appendix F, we conduct a number of robustness checks on the estimations of
the achievement production function and household’s optimization problem. First, we check
whether the efficiency of home-tutoring time (θ) varies by caregiver’s type or education. The
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tutoring, substitution, and achievement 179

estimated differences in θ are never statistically significant, suggesting no statistical evidence
for heterogeneity in home-tutoring effectiveness by caregiver’s type or education. Second, we
check whether the efficacy of total tutoring (A) varies by school quality as proxied by the
class-level value added in test scores among control students, and find no evidence that school
quality has any significant effect on A. Third, we instrument baseline math scores with base-
line reading scores to deal with the measurement errors in baseline math scores. We find sim-
ilar estimation results in this robustness check. Fourth, in addition to the valuation of child
achievement, we also allow the fixed cost ψ to vary by caregiver type. The estimation results
show that grandparents have higher fixed costs than parents, but the difference is not statisti-
cally significant. Finally, we further allow the parameters in the valuation of child achievement
(ν and ζ ) to vary by caregiver’s education conditional on caregiver’s type and find no evidence
for heterogeneity in the valuation of child achievement by caregiver’s education conditional
on caregiver’s type.

6.3. Decomposition and Counterfactual Analysis. We first decompose the difference in test
scores between LBC and non-LBC children into the difference in their home-tutoring time
and the difference in the related tutoring efficiencies. We then undertake counterfactual anal-
ysis to examine how optimal choices of home-tutoring time and marginal treatment effects
(MTEs) of school tutoring vary by caregiver’s type and valuation of student achievement and
next compare the current school-tutoring program with equal school-tutoring time for LBC
and non-LBC students with an alternative program that optimally allocates tutoring time be-
tween LBC and non-LBC students.

For each student i of type τ (∈ {g, p}), we can use the estimated parameters to simulate
the expected optimal home-tutoring time and test scores with the school-tutoring interven-
tion (H∗∗

iτ1 and Ŷiτ1) by setting S = 3, and the counterfactual home-tutoring time and test
scores (H∗∗

iτ0 and Ŷiτ0) by setting S = 0. The individual-specific treatment effect predicted by
the model, denoted as �iτ , can be expressed as the difference between the two simulated test-
score changes:

�iτ = Ŷiτ1 − Ŷiτ0 = Aτ [3γ + θ (H∗∗
iτ1)γ ]ρ/γ − Aτ [θ (H∗∗

iτ0)γ ]ρ/γ .

Aggregating the simulated individual-specific treatment effects across all students of type τ
yields the predicted CATE for students of type τ , denoted as EAτ

(�iτ |H∗∗
iτ ), as follows:

EAτ
(�iτ |H∗∗

iτ ) =
∑Nτ

i=1�iτ

Nτ

,

where H∗∗
iτ = {H∗∗

iτ0,H∗∗
iτ1}, consisting of student i’s home-tutoring time both before and after

the treatment, and Nτ is the number of students of type τ .
Following Oaxaca and Ransom (1994), we employ a generalized Oaxaca–Blinder decompo-

sition of the difference in the predicted CATE between LBC tutees and non-LBC tutees as
follows:

EAg (�i|H∗∗
ig ) − EAp (�i|H∗∗

ip )

=
(

EĀ(�i|H∗∗
ig ) − EĀ(�i|H∗∗

ip )
)

+
(

[EAg (�i|H∗∗
ig ) − EĀ(�i|H∗∗

ig )] + [EĀ(�i|H∗∗
ip ) − EAp (�i|H∗∗

ip )]
)
,

(15)

where Ā = 0.5Ag + 0.5Ap, the average tutoring efficacy parameter between LBC and non-
LBC, and EĀ(�i|H∗∗

ip ) (EĀ(�i|H∗∗
ig )) denotes the counterfactual CATE when the home-

tutoring time (both before and after the treatment) of non-LBC (LBC) is evaluated at the
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Table 9
decomposition of the difference in the treatment effect between lbc and non-lbc

Panel A. Simulated Treatment Effect

LBC Non-LBC Diff.
EAg (�i|Xig) EAp (�i|Xip) EAg (�i|Xig) − EAp (�i|Xip)

0.238 0.123 0.115
(100%)

Panel B. Counterfactual CATE by Using Ā

LBC Non-LBC
EĀ(�i|Xig) EĀ(�i|Xip)

0.186 0.171

Panel C. Decomposition Analysis

Diff. in H Diff. in Ag and Ā Diff. in Ā and Ap

EĀ(�i|Xig) − EĀ(�i|Xip) EAg (�i|Xig) − EĀ(�i|Xig) EĀ(�i|Xip) − EAp (�i|Xip)
0.015 0.052 0.048

(13.1%) (45.3%) (41.6%)

Note: Panel A reports the conditional average treatment effect (CATE) for LBC, non-LBC, and their difference pre-
dicted by the estimated model parameters. Panel B presents the simulated counterfactual CATE for LBC and non-
LBC evaluated at the average efficacy parameter Ā for LBC. Panel C decomposes the difference in the CATE be-
tween LBC and non-LBC into that attributable to the difference in home-tutoring time and the difference in their tu-
toring efficacy.

average tutoring efficacy parameter. In Equation (15), the first term corresponds to the differ-
ence in the CATE between LBC and non-LBC attributable to the difference in their home-
tutoring time (H∗∗

ig vs. H∗∗
ip ) evaluated at the average efficacy parameter (Ā), the second term

corresponds to that attributable to the difference between LBC’s efficiency parameter and the
average efficacy parameter (Ag vs. Ā) evaluated at the home-tutoring time of LBC (H∗∗

ig ), and
the last term corresponds to the difference associated with the difference between the aver-
age efficacy parameter and non-LBC’s efficiency parameter (Ā vs. Ap) evaluated at the home-
tutoring time of non-LBC (H∗∗

ip ).
Table 9 reports the decomposition results. Panel A shows that the model predicts a CATE

of 0.238σ for LBC and 0.123σ for non-LBC, both of which are consistent with the estimates
reported in Table 3. Panel B simulates a counterfactual CATE of 0.186σ (0.171σ ) for LBC
(non-LBC) by applying the average tutoring = efficacy parameter Ā. Using these counter-
factual CATEs as intermediates, Panel C decomposes the total difference in the CATE be-
tween LBC and non-LBC (0.115σ ) into that attributable to their difference in changes in
home-tutoring time (0.015σ or 13.1%), that attributable to the difference in LBC’s tutor-
ing efficiency and the average tutoring efficiency (0.052σ or 45.3%), and that attributable to
the difference in the average tutoring efficiency and non-LBC’s tutoring efficiency (0.048σ or
41.6%). The results of this decomposition analysis suggest that the difference in tutoring effi-
cacy (Ag vs. Ap) accounts for 7/8s of the total difference in the CATE of the after-school tu-
toring intervention between LBC and non-LBC, whereas the difference in changes in home-
tutoring time (H∗∗

ig vs. H∗∗
ip ) accounts for the remaining 1/8.

Next, we conduct a simulation exercise to examine how the optimal choice of home-
tutoring time and MTE of school tutoring vary by caregiver’s type and valuation of student
achievement. Figure 5 compares the two types of caregivers with ω equal to the 55th, 65th,
75th, and 85th percentile of their respective distribution. As demonstrated in detail below,
these percentiles are selected so that the respective panels of Figure 5 demonstrate four dis-
tinct scenarios for how parents’ and grandparents’ optimal choices of home-tutoring time
(H∗∗) respond to increases in school-tutoring time (S). Panel A shows that, at the 55th per-
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Figure 5

optimal choice of home-tutoring time by percentile rank of caregiver’s valuation of student achievement

centile, both parents and grandparents choose H∗∗ = 0 regardless of the values of S. We
choose to start from the 55th percentile of the distribution of ω because the same results (i.e.,
H∗∗ = 0 ∀ S) hold for parents and grandparents with ω below the 55th percentile. At the 65th
percentile (Panel B), parents start with a small positive H∗∗ when S = 0 but quickly switch to
the corner solution H∗∗ = 0 when S increases, whereas grandparents always choose H∗∗ = 0.
At the 75th percentile (Panel C), parents and grandparents both start with positive home-
tutoring time when S = 0. Although grandparents’ home-tutoring time quickly switches to the
corner solution H∗∗ = 0 when S increases, parents continue choosing positive home-tutoring
time even when school-tutoring time reaches the level of our intervention (i.e., three hours
per week). At the 85th percentile (Panel D), parents and grandparents both start with positive
home-tutoring time; when S increases from zero to three hours per week, both types of care-
givers reduce their home-tutoring inputs but remain to choose positive H∗∗. In sum, the re-
sults in Figure 5 demonstrate a few patterns. First, an increase in school-tutoring time always
(weakly) reduces home-tutoring time, suggesting that the two are substitutes. Second, at every
percentile of ω demonstrated, parents choose (weakly) higher home-tutoring time than grand-
parents for any given level of school tutoring. Finally, the school-tutoring time has a (weakly)
larger crowding-out effect on the home-tutoring time for non-LBC than LBC, and therefore,
the difference in home-tutoring time between parents and grandparents decreases (weakly)
with school-tutoring time. These three predictions are consistent with Propositions 1, 3, and
4, respectively.

Figure 6 further compares the MTE of school-tutoring time for children cared for by par-
ents and grandparents. The MTE is defined as dY

dS (= ∂Y
∂S + ∂Y

∂H∗∗ + dH∗∗
dS ), which measures the

net achievement gain from an extra unit of school tutoring after taking into account the care-
giver’s behavioral response in home-tutoring time. The four panels present the MTE corre-
sponding to the 55th, 65th, 75th, and 85th percentile of the respective distribution of ω for par-
ents and grandparents. In all panels, MTE is positive for all levels of school-tutoring time, sug-
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Figure 6

marginal treatment effect of school tutoring by percentile rank of caregiver’s valuation of student
achievement

gesting that the effect of an increase in school tutoring on test scores always dominates the ef-
fect of the reduction (if any) in home tutoring. As we gradually increase school-tutoring time,
the MTE declines for both groups of children due to the diminishing return to total tutoring.
Moreover, the MTE of LBC is larger than that of non-LBC at all levels of school-tutoring
time and percentiles of caregiver’s valuation of student achievement. This suggests that a non-
targeted, uniform school-tutoring program may not be the optimal policy. Instead, a targeted
school-tutoring program providing more school tutoring to LBC can lead to efficiency gains.

Finally, we compare the current school-tutoring program, which provides equal school-
tutoring time to LBC and non-LBC students, with an alternative program that optimally al-
locates different levels of school-tutoring time between LBC and non-LBC students. Suppose
we have a 50–50 split of LBC and non-LBC, which is not far from our sample statistics of hav-
ing 44% of children living without both parents. Figure 7 demonstrates our strategy to opti-
mally split a total of s hours of school-tutoring time (ranging from 0 to 12 hours per week)
between an LBC tutee and a non-LBC tutee. The horizontal axis is the school-tutoring time
available for each tutee and the vertical axis is the group-specific MTE of school-tutoring
time. The two solid lines present the MTE of school tutoring for LBC and non-LBC, respec-
tively. Put in another way, for a given MTE level m in the vertical axis, the horizontal-axis
values of the two solid lines correspond to S−1

p (m) and S−1
g (m), respectively, where S−1

τ (m)
for τ ∈ {p, g} denotes the inverse MTE function. The dashed line is the horizontal summa-
tion of the two solid lines, that is, S−1

p (m) + S−1
g (m). For a given level of school-tutoring time

s available for the pair of LBC and non-LBC, the interaction of the vertical line S = s and the
dashed line S−1

p (m) + S−1
g (m) identifies the MTE under the optimal allocation m∗(s). The in-

teractions of the horizontal line m = m∗(s) and the two solid lines identify S∗
p(s) and S∗

g(s),
the optimal levels of school-tutoring time for LBC and non-LBC, respectively. An example
demonstrated in Panel A of Figure 7 is that when the total school-tutoring time available for
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Figure 7

marginal treatment effect: alternative school tutoring programs

the pair of LBC and non-LBC is nine hours, the optimal split is to allocate six hours to the
LBC and three hours to the non-LBC. Similarly, when the total school-tutoring time is 12
hours, we should assign eight hours to the LBC and four hours to the non-LBC to equalize
their MTE.

Now consider the case when we have additional school-tutoring resources on top of our
existing experiment (three hours per week), how shall we allocate them between LBC and
non-LBC? Panel A of Figure 8 presents the optimal assignment of school-tutoring time given
the average school-tutoring time per tutee. It shows that when average school-tutoring time
increases from 3 to 4.5 hours, all the school tutoring should be assigned to LBC. This is be-
cause the MTE at three to six hours per week for LBC is higher than the MTE at three hours
per week for non-LBC, as shown in Figure 7. When the average school-tutoring time is higher
than 4.5 hours, we should assign school tutoring to both LBC and non-LBC at a ratio of
around 2.

Panel B of Figure 8 further presents the total gains in test scores at different levels of
school-tutoring time compared to the baseline case when we assign three hours of school tu-
toring to both LBC and non-LBC. If we use the existing design (nontargeted program) that
provides equal school tutoring to LBC and non-LBC, increasing school tutoring per week
from three to four hours will lead to an increase in test scores by 0.0085σ . Using the tar-
geted program that optimally distributes school-tutoring time between LBC and non-LBC
(five hours to LBC and three hours to non-LBC, as shown in Panel A) will further increase
the total gain by 16.5% (to 0.0099σ ). Increasing school-tutoring time from three to six hours
will increase test scores by 0.021σ in the nontargeted program, and the targeted program can
further increase test scores by 9.5% (to 0.023σ ). This counterfactual exercise suggests that
the efficacy of the school-tutoring program can be improved by prioritizing the inputs to low-
achieving students living with their grandparents. This is because they have higher tutoring ef-
ficiency and smaller household substitution in home-tutoring time.30

30 If we consider an alternative baseline case when LBC and non-LBC have zero hours of school tutoring, the ad-
ditional gain of moving from the nontargeted to the targeted program is much smaller. This is because the production
function suggests that the MTE of a small amount of school tutoring is close to infinity for both LBC and non-LBC.
Therefore, we should allocate school tutoring to both groups when they have no school tutoring. The optimal assign-
ment will only matter when both groups already have a minimum level of school tutoring. Therefore, we choose to
analyze the total gains for additional tutoring time on top of the three hours per week provided in the experiment.
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Figure 8

counterfactual: alternative school tutoring programs

7. conclusion and discussion

Worldwide students’ access to learning enrichment activities after school is highly depen-
dent on family background, raising concerns over the implications of the advantages gained
by children from higher-SES backgrounds through their families’ time and money on educa-
tional inequality and social mobility. In rural China, these concerns are intensified by the pres-
ence of tens of millions of children left-behind by both parents who migrated in search of
work in cities. These left-behind children are disadvantaged in after-school learning support
received at home and also are academically lagging behind their peers living with parent(s),
casting a suspicion that the negative achievement effects of being left-behind by both parents
may work, at least in part, through the lack of after-school home-learning support (Zhang
et al., 2014). Given the scale of parental absence in rural China, with one in six children liv-
ing without both parents, there is a substantial need for compensatory programs to ameliorate
the negative learning effects of parental absence. Nonetheless, despite the large and increas-
ing policy interest in China and elsewhere for enhancing public roles in after-school learn-
ing support to reduce educational inequality, prior evidence of the effects of after-school pro-
grams on children’s academic outcomes is limited and far from unified.
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We conduct a randomized after-school tutoring experiment in a poor rural area of China
in which high-achieving fourth and fifth graders provided high-dosage, one-on-one tutoring
to low-achieving second and third graders. Prior to the experiment children who had been
left-behind by both parents received far less home tutoring compared to children living with
their parent(s). During the tutoring program, tutees living with parent(s) reported large signif-
icant reductions in home tutoring at both the extensive and intensive margins, whereas tutees
without parents had much smaller, and often insignificant, reductions in home tutoring. We
also find that the tutoring program significantly improved tutees’ endline math scores, with the
score gains being significantly larger for children without parents at home. In order to explain
these empirical results, we develop and estimate a simple model of student achievement that
integrates school and home tutoring into total tutoring to determine student achievement.
Our structural estimation illustrates that the substitutability between home and school tutor-
ing in achievement production (i.e., ρ < γ ) and the higher returns to total tutoring for par-
ents than grandparents (i.e., κp > κg) are the two underlying mechanisms driving the empirical
findings of the experiment.

For an overall assessment of the program. in addition to estimates of the impacts, estimates
of the costs are important. The direct costs of the intervention include overtime payments to
the teachers supervising the tutorial sessions and stationery gifts to the voluntary tutors. Each
teacher was paid RMB 300 per month over the eight-month intervention period and each tu-
tor was given stationery gifts (distributed twice) equivalent to RMB 100. Thus, the total direct
cost for the intervention is RMB 3,400 (USD 500) per tutorial session of 10 tutees, or RMB
340 (USD 50) per tutee. This is small, considering the achievement gains, especially those for
the children living without parents.

Thus, our results demonstrate that supervised peer tutoring with professional-teacher sup-
port is a feasible and cost-effective remedial intervention for rural Chinese children lagging
behind academically, particularly those left-behind by both parents. The opposing signs of
the differences in the extent of substitution of home-tutoring inputs and test-score gains be-
tween children living with and without parents also yield indirect evidence that home inputs
after school indeed matter for children’s cognitive development, substantiating the concerns
over the implications of differences in access to after-school learning opportunities by fam-
ily background on child development and educational inequality. Moreover, an important pol-
icy implication of our results is that targeting public provision of after-school learning sup-
port to children from disadvantaged family backgrounds, such as children left-behind by their
parents in rural China, is both an equitable and efficacious strategy: These children tend to
lag behind in academic achievement but would experience larger achievement gains from
after-school learning support owing to both greater tutoring efficacy and lesser substitution of
school tutoring for household inputs. Last but not least, although we only implemented a par-
ticular form of after-school learning support (i.e., supervised peer tutoring), the insights that
public provision of after-school learning support can particularly benefit children from disad-
vantaged family backgrounds and thus reduce educational inequality may be generalized for
other forms of public support in after-school learning such as granting free access and user
support to eLearning resources such as artificial intelligence learning services that more easily
can be scaled up.

DATA AVAILABILITY STATEMENT. Data and codes used for producing the
results of this article are publicly accessible from the openICPSR data repository at
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Table A1: Alternative Estimates from School-grade Fixed-effect Regressions
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Table A2: Summary Statistics of Attendance Rates, Time Allocations and Subjective Assess-
ments of Efforts of the After-School Peer-tutoring Interventions
Table A3: Balance Checks for Subsamples of Students Living with and without Parents
Table A4: Bounds on the Average and Differential Treatment Effects
Table A5: Robustness Checks: Structural Estimation (θ Varies by LBC)
Table A6: Robustness Checks: Structural Estimation (θ Varies by Parents’ Education)
Table A7: Robustness Checks: Structural Estimation (A Varies by Baseline Test Scores
Table A8: Robustness Checks: Structural Estimation (Use Lagged Reading Scores to Instru-
ment Lagged Math Scores)
Table A9: Robustness Checks: Structural Estimation (ψ Varies by LBC)
Table A10: Robustness Checks: Structural Estimation (ω varies by caregiver’s type and educa-
tion)
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