
Wang, Lei et al.

Working Paper

Parental investment, school choice, and the
persistent benefits of intervention in early childhood

LICOS Discussion Paper, No. 427

Provided in Cooperation with:
LICOS Centre for Institutions and Economic Performance, KU Leuven

Suggested Citation: Wang, Lei et al. (2021) : Parental investment, school choice, and the
persistent benefits of intervention in early childhood, LICOS Discussion Paper, No. 427,
Katholieke Universiteit Leuven, LICOS Centre for Institutions and Economic Performance,
Leuven

This Version is available at:
https://hdl.handle.net/10419/267923

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/267923
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


 

 

 

 

 
 
 
 

 

LICOS Discussion Paper Series 

  
Discussion Paper 427/2021 

 
 
 
 

 
Parental Investment, School Choice, and the Persistent Benefits of Intervention in Early 

Childhood 

 

Lei Wang, Yiwei Qian, Nele Warrinnier, Orazio Attanasio, Scott Rozelle and Sean Sylvia 

 

 

 
 
 
 
 

 
 
Faculty of Economics and Business 
 
LICOS Centre for Institutions and Economic Performance 
Waaistraat 6 – mailbox 3511 
3000 Leuven  
BELGIUM 
TEL: +32-(0)16 32 65 98 
http://www.econ.kuleuven.be/licos 

  

 

 

http://www.econ.kuleuven.be/licos


Parental Investment, School Choice, and the Persistent
Benefits of Intervention in Early Childhood

Lei Wang, Yiwei Qian, Nele Warrinnier,

Orazio Attanasio, Scott Rozelle, and Sean Sylvia*

October 2021

Abstract

We present evidence from a randomized experiment testing the impacts of a six-month early
childhood home-visiting program on child outcomes at school entry. Two and a half years
after completion of the program, we find persistent effects on child working memory - a key
skill of executive functioning that plays a central role in children’s development of cognitive
and socio-emotional skills. We also find that the program had persistent effects on parental
time investments and preschool enrolment decisions. Children were enrolled earlier and in
higher quality preschools, the latter reflecting a shift in preferences over preschool attributes
toward quality. Our findings imply an important role for the availability of high-quality
subsequent schooling in sustaining the impacts of early intervention programs.
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1 Introduction

Motivated by a growing body of research implying large private and social returns to investments

in children at an early age, there has been interest among policy makers in cost-effective

programs to improve early-life environments. The returns of these programs are likely to be

particularly high in low and middle-income countries where it has been estimated that 43%

of children under 5 are at risk of not reaching their full developmental potential (Black et al.,

2017). Although several correlates of poverty contribute to this risk, a major factor appears to

be that children often lack sufficiently stimulating environments during critical periods of brain

development. Due to high levels of neuroplasticity, stimulation during this period is thought to

be critical for longer term cognitive and psychosocial development (Knudsen et al., 2006).

One approach that has proven effective in improving child development outcomes is inter-

ventions that support caregivers to engage in stimulating activities with their children. Evidence

from multiple randomized evaluations across several countries shows that parenting interven-

tions can significantly improve the cognitive, language and socio-emotional skills of young

children. Large-scale parenting interventions in Colombia (Attanasio et al., 2014), Pakistan

(Yousafzai et al., 2014) and China (Sylvia et al., 2020; Heckman et al., 2020) have yielded

sizeable effects on child outcomes in the short run. Although evidence on longer-run effects

comes mostly from smaller-scale efficacy trials, studies have found promising results on a wide

range of adult health, and labour market and social outcomes: increased college attendance,

employment, and earnings and reductions in teen pregnancy and criminal activity (Heckman

et al., 2010; Walker et al., 2011; Gertler et al., 2014; Campbell et al., 2014).

Despite this evidence that at-scale parenting programs can improve child outcomes in the

short-run at their conclusion and that more intensive interventions can lead to substantial

long-run impacts, an unresolved question is what mechanisms drive sustained impact. Studies

that have followed children in the years following the conclusion of parenting programs find

substantial variation in medium run effects. Some studies have found improved outcomes

in the medium run, while others have show large increases in skills at the conclusion of

interventions, followed by rapid fade-out over time (Barnett, 2011; Bailey et al., 2017). In low-
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and middle-income countries, two recent studies, for instance, have found different results

in medium-run follow-ups. A follow-up study of a parenting intervention in Pakistan found

initial improvements in early skills of two-year-old infants to persist two years after program

completion (Yousafzai et al., 2016). In contrast, a follow-up of a similar intervention in Colombia

found that initial gains in early skills fade-out two years after that program (Andrew et al.,

2018). To reconcile these findings more evidence is needed on the factors that are driving

variation in the sustained benefits of these programs. Such evidence may inform the design of

interventions to produce more sustainable gains.

In this study, we attempt to shed some light on this question by exploring the effects of

a parenting program in rural China two and a half years after completion as children enter

schooling. Loosely modeled on the Jamaican Ready to Learn intervention (Grantham-McGregor

et al., 1991), the program promoted ECD in rural China through a home-based parent training

intervention implemented by officials associated with China’s Family Planning Commission

(FPC) (Sylvia et al., 2020). At the end of the initial intervention when the treatment and

control children were 30 to 42 months old, Sylvia et al. (2020) measured substantial increases in

cognitive skills in children assigned to receive weekly home visits. The study also found that

the improvements in infant skill development were accompanied by increases in both parental

investment and parenting skills, particularly among children who were more disadvantaged at

baseline.

Two and a half years after the initial intervention, we find large persistent effects on child

working memory - a key skill of executive functioning which plays a central role in children’s

cognitive functioning, behaviour, emotional control, and social interaction. We further find

that the observed increases in parental investment behaviour at the completion of the ECD

intervention persisted two and a half years later as parents in the treatment villages continue to

spend more time with their children. Beyond parental investments in the home, we also find that

children in treatment villages enrol earlier and in better quality preschools. Moreover, changes

in caregiver schooling decisions reflect an increase in valuation of school quality relative to

other attributes. Our finding of persistent effects on caregivers’ preschool enrolment decisions
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points to an important intervention-induced persistent shift in investment behaviour which

might lead to long-term benefits over the life-cycle.

Our results imply an important role for preschool quality in sustaining longer-term effects

of early childhood interventions, particularly where caregivers have low levels of human capital.

Previous research in diverse settings has shown that it matters when and where parents decide

to enrol their children in school. The age at which children start school affects both short-

and longer-term educational attainment as well as health and labour market outcomes (Elder

and Lubotsky, 2009; Carlsson et al., 2015). Several studies show that the returns to preschool

are substantial, especially for disadvantaged children who typically have less stimulating

counter-factual home environments (Havnes and Mogstad, 2015; Felfe et al., 2015; Herbst,

2017; Cornelissen et al., 2018). Recent evidence suggests that not just the quantity but, more

importantly, the quality of preschool is key to child development (Araujo et al., 2016; Andrew

et al., 2019; Nores et al., 2019). Araujo et al. (2016) find that preschool quality has positive

effects on student learning and executive functioning skills at school entry in Ecuador. Both

Andrew et al. (2019) and Nores et al. (2019) find that improvements in preschool quality led to

significant improvements in cognitive and language skills for preschool children in Colombia.

Other studies find that returns to preschool quality are persistent and lead to increased earnings,

higher college attendance and lower teen pregnancy (Chetty et al., 2011, 2014).

Our findings contribute to the literature on early childhood programs, particularly the

“puzzle” of intervention fade-out in the medium run but evidence of long run effects on labor

market outcomes and health in adulthood (Barnett, 2011; Bailey et al., 2017). Several hypotheses

have been put forward in the literature to explain this apparent puzzle. It is possible that the

treatment intensity typical in smaller efficacy trials is difficult to replicate in larger-scale

integrated interventions (Andrew et al., 2018). It also is plausible that short-term intervention

effects might appear to fade in the medium run, but then re-appear later in the life-cycle because

medium-run evaluations are not measuring the relevant skills (Heckman et al., 2013) or they

are measuring the relevant skills, but are doing so with large measurement error (Cunha et al.,

2010; Johnston et al., 2014; Laajaj and Macours, 2017). Measurement error would make it more
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challenging to observe medium-term intervention effects if initial skill differences are small but

nevertheless accumulate over time and end up resulting in long-term differences in health and

labour market outcomes.

Our analysis highlights another potential explanation for mixed findings on medium-term

effects: that ECD intervention programs differ in their ability to permanently shift investment

behaviour. For the few early childhood interventions that have followed children, there has

often been little information collected on subsequent investments from parents or schools. Two

notable exceptions are Andrew et al. (2018) and Yousafzai et al. (2016), who collect information

on parental investment behaviour two years after the end of the parenting interventions. Andrew

et al. (2018) find that initial improvements in time and material investment observed at the end

of the parenting intervention had disappeared. Yousafzai et al. (2016), on the other hand, found

persistent improved parenting practises and more stimulating home environment two years

after the intervention had ended.

In contrast to parental investments at home, however, how interventions affect subsequent

decisions regarding school enrolment may be more fundamental to sustaining longer-run effects,

particularly among children who would be more likely to have low levels of skills absent

intervention. Some previous evidence for this comes from Currie and Thomas (2000) who find

that initial gains in test scores for children who attended Head Start in the U.S. faded out more

rapidly for black students compared to whites because they were more likely to subsequently

select in to lower-quality schools. Distinguishing between parental home investments and

investments through schooling decisions may help to explain the apparent persistence puzzle if

the short-term improvements in skill formation observed in the literature are mainly driven

by the increased cognitive stimulation during the intervention while the long-term health

and labour market benefits result from a shift in parental investment behaviour after the

intervention. As children age, schooling is likely to become relatively more important to skill

development than parental investments of time and resources at home. And for parents who

believe that investments are important but perceive investment of their own time to have low

returns, the perceived net benefits of schooling may become larger at an an earlier age and
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increase with school quality.

The remainder of the paper is structured as follows. In the next section, we discuss some

stylized facts and findings from the literature on preschool enrolment in China and beyond. In

section 3 we describe the experimental design and data collection. In section 4 we report the

findings of the medium-run follow-up impact evaluation of the parenting intervention. Section

5 concludes.

2 Stylized Facts and Findings on Preschool Enrolment inChina

and Beyond

Chinese parents can enrol their children in preschool between the ages of three and six years

old before entering compulsory primary school. Preschool enrolment is not compulsory but

parents are increasingly deciding to enrol their children in school early as evident in the rapidly

increasing national preschool enrolment rates. From 2009 to 2016, the gross national preschool

enrolment rate increased from 50.1% to 77.4% (Wu, 2017).1 In 2010, the central government

declared that by 2020, 95% of Chinese children should receive at least one year of preschool

education and 75% of children should receive three years of preschool education (MOE, 2010).

Despite these promising improvements in national preschool enrolment rates, less is known

about preschool enrolment in the rural parts of China, where 63.78% of China’s populations

live (NBS, 2015). More generally, increased preschool enrolment rates are not a guarantee for

improvements in human capital. Research on the returns to preschool show mixed results.

Several studies find the returns to expansion of universal preschool to be positive (Berlinski

et al., 2008, 2009; Havnes and Mogstad, 2011; Felfe et al., 2015) whereas other studies find

mixed or no impacts (Magnuson et al., 2007; Gupta and Simonsen, 2010) or even negative

impacts on child development (Baker et al., 2008, 2019).2 This mixed evidence might result

from substantial heterogeneity in the quality of alternative care environments. Disadvantaged

1Enrolment rate is the ratio of the number of children in preschool to the number of children between 3-6 years
old.

2Elango et al. (2015) provides an extensive review of this literature.
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children typically have less stimulating home environments and might therefore benefit more

from universal preschool than the average child. Several studies indeed find that returns to

universal preschool are higher for disadvantaged children (Havnes and Mogstad, 2015; Felfe

et al., 2015; Herbst, 2017; Cornelissen et al., 2018).

Another important source of heterogeneity in returns to preschool is the quality of the

learning environment in preschools (Ulferts et al., 2019). Araujo et al. (2016) find that preschool

quality has positive effects on student learning and executive functioning skills at school entry.

Other studies find that returns to preschool quality are persistent and lead to increased earnings,

higher college attendance and lower teen pregnancy (Chetty et al., 2011, 2014). Taken together,

this evidence shows that the effectiveness of preschool depends on the counterfactual care

arrangement the program is substituting for and the change in learning quality it presents

(Cascio, 2015).

The importance of preschool quality might therefore be even more pressing in the context

of low and middle income countries as a large share of children grow up in insufficiently

stimulating home environments resulting in major risk of cognitive delays at school entry (Lu

et al., 2016; Richter et al., 2017). One concern is that there might be large differences in the

quality of the learning environment between rural and urban preschools in China. Although

there is generally little research into rural preschools, one study in Shaanxi province found that

in most rural preschools, only the principals had participated in city-level teacher training, and

most teachers have never participated in any training. Moreover, preschool teachers in rural

areas tend to be young and the share of experienced teachers is small (Lai et al., 2015).

Even within the rural areas in China, there is reason to expect considerable heterogene-

ity in preschool quality between different administrative levels.3 Generally, local township

governments tend to fund one to two public preschools within each township whereas most

village preschools are privately owned. While most township preschools get the majority of

their funding from the government, village preschools only receive a minimal subsidy per

headcount (Wu and Qin, 2012, 2016). These different funding channels lead to substantial

3There are five levels of local government: the provincial, prefecture, county, township, and village. Townships
and villages are the most relevant local administrative levels in rural areas.
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quality differences between township and village preschools. Wu and Qin (2012) find that in

general village preschools have less qualified teachers, a lower teacher-pupil ratio and lower

quality preschool facilities.

As part of this study we collected detailed information on all preschools that had one or

more of the sample children enrolled at the time of the survey. Enumerators were sent to each

school to survey both teachers and head teachers on the structural and process quality of the

preschools. These unique data allow us to study in detail the parental preschool decision in this

rural part of China and we present our findings in section 4.

3 Experimental Design and Data Collection

3.1 Sampling and Randomisation

The study sample was selected from one prefecture located in a relatively poor province located

in Northwest China. The province ranks in the bottom half of provinces nationally in terms of

GDP per capita. The prefecture chosen for the study is located in a mountainous and relatively

poor region of the province. Nearly all of the people residing in this prefecture are ethnically

Han.

The research team used a systematic protocol to select the sample. As the first step re-

searchers selected townships from four nationally-designated poverty counties in the chosen

prefecture. All townships in each county were included except the one township in each county

that housed the county seat. Within each township, administrative data were used to compile a

list of all villages reporting a population of at least 800 people. Next, two villages were randomly

selected from the list in each township. These exclusion criteria were applied to ensure the

sample villages had a sufficient number of children in the target age range. All children in

sample villages between 18 and 30 months of age were enrolled in the study.

Before the start of the intervention sample villages were randomly assigned to a treatment

(n=65) and control arm (n=66) and the randomisation procedure was stratified at the county

level. Next, each parenting trainer was assigned a maximum of four families chosen randomly
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from treatment villages to be enrolled in the program. In treatment villages, this resulted in a

sample of 212 children enrolled in the parenting intervention and a remaining 79 that were not.

In control villages, a total sample of 300 children was enrolled.

3.2 Parenting Program

The parenting intervention was a weekly home visiting program where parenting trainers

trained caregivers to interact with their offspring through cognitively stimulating and developmentally-

appropriate activities using a structured curriculum. The teaching curriculum is based loosely

on the Jamaican home visiting model (Grantham-McGregor et al., 1991) and adapted by child

development psychologists in China to the local rural setting. During the weekly sessions,

parenting trainers would introduce main caregivers (typically, mother or grandmother) to the

activity and assist caregivers to engage in the activity with their child. At the end of each weekly

session, the materials used for that week’s activities (toys and books) were left in the household

to be returned at the next visit.

The 6-month long parenting intervention started in November 2014 and ended in April 2015.

The parenting trainers, selected by the FPC from among their cadres in each township received

an initial, one-week intensive training at the beginning of the program which covered theories

and principles of early childhood development, parenting skills, and the curriculum. This initial

training consisted of both classroom-based instruction as well as field practice. Throughout the

program, trainers received periodic training by phone on curriculum activities which would

vary according to the ages of children to whom they were assigned. For more details about the

intervention, refer to Sylvia et al. (2020).

3.3 Data Collection and Measurement

A team of enumerators conducted a baseline survey in October 2014 and a follow-up survey in

May 2015 at the end of the parenting intervention.4 In August 2017, we conducted a follow-up

survey of all the households enrolled in the initial randomised controlled trial (See Figure 1).

4Details on the baseline and endline data collection procedure can be found in Sylvia et al. (2020)
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Enumerators collected detailed information on infant skills, parental investment behaviour, and

a wide range of household and preschool characteristics.

3.3.1 Measuring Infant Skills

Infant skills are assessed using a battery of questions from the Weschler Preschool and Primary

Scale of Intelligence (WPPSI) and the Strengths and Difficulties Questionnaire (SDQ). The

Weschler Preschool and Primary Scale of Intelligence (Wechsler, 2012) is designed to measure

cognitive development of pre-schoolers and young children. For this study we use the WPPSI-IV

edition that has been translated into Chinese (Wechsler, 2014) and administered to children by

trained enumerators. WPPSI-IV measures five main skill domains:

i Verbal Comprehension Index: measures verbal comprehension and reasoning skills.

ii Visual Spatial Index: measures the ability to organise and understand visual parts and

information, assimilate visual and motor functions simultaneously, and see the whole-part

connection to objects.

iii Fluid Reasoning Index: measures the ability to utilize inductive reasoning (e.g. use past

observations to predict current situations)

iv Working Memory Index: measures the ability to balance focus and attention while manipu-

lating visual and auditory information in conscious awareness.

v Processing Speed Index: measures how fast a child can scan and differentiate visual infor-

mation.

Conceptually, WPPSI-IV is developed as an IQ test but in practice several sub-domains measure

executive functioning (EF) skills as well. The Processing Speed Index of WPPSI is related to

the EF sub-domain of Information Processing whereas the Working Memory Index of WPPSI-

IV is related to the domain of Cognitive Flexibility of EF. We are not aware of any study

specifically linking WPPSI-IV to early executive functioning skills and therefore assume that
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we are measuring a subset of executive functioning domains as well as cognitive development

more generally.

To measure domains (i)-(iv), all administered tests items increase in difficulty and the test

is stopped when the child can no longer provide a correct answer. Given this specific test

structure, a simple average score of all correctly answered items would provide a noisy measure

of underlying child ability. If all items are of identical difficulty than the simple average is

the best estimate of a child’s underlying ability. However, to the extent that items differ in

their difficulty level, then a weighted average can provide a more precise estimate of child

ability by assigning higher weights to more difficult items. Hence, in a first step, we estimate a

two-parameter logistic IRT-model which calculates the optimal weighted average of all items

taking into account response patterns. To fix ideas, we briefly discuss how an IRT measurement

system can help mitigate measurement error:

Let Iλij define the performance measure for child i and item j on test λ and let’s assume it is

determined as follows:

Iλij = βj +αjΛ
λ
i + ελij (1)

where Λλ
i is child i’s latent skill for test λ and this is assumed to be independent from the error

term ελij . In other words, we assume that a unidimensional skill is sufficient in explaining a

child’s response behaviour on items in each sub-test We further assume that a child’s response

to an item is independent of his or her responses to other items after conditioning on child

latent skill.

The variable Iλij is not observed to the enumerator or caregiver. Instead, we observe Iλij=1 if

Iλij > 0 and Iλij = 0 otherwise. We further assume that the measurement system is invariant to

treatment assignment. The estimated item specific intercepts, β̂j , represent the level of difficulty

of item j. The estimated parameter α̂j represents the discrimination ability of item j. Hence, in

the 2-parameter logistic IRT model, the probability of success on an item j is a function of both

the level of latent skill Λλ
i and the difficulty level and discrimination ability of item j. We refer
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to Appendix B1 for a more details on the two-parameter logistic IRT measurement model.

Each of the first four indexes (i)-(iv) of WPPSI-IV are administered by two separate sub-tests

which are described in more detail in Appendix B. We use the raw item data for each sub-test λ

to estimate a 2-parameter logistic IRT model as specified above.5 We estimate parameters αj

and βj using maximum likelihood and integrate out the latent skill Λλ
i . In a second step we use

empirical Bayes estimators of the latent skill Λλ
i and take the mean of the empirical posterior

distribution of Λλ
i , conditional on child’s item responses Iλj , while imposing the estimated

parameters α̂j , β̂j . Figures A1- A4 in Appendix A plot kernel density estimates of latent skill

Λλ
i for each sub-test λ in WPPSI-IV index (i)-(iv). Next, we rank performance on each sub-test

λ based on the estimated skill factor scores Λ̂λ
i . The final score for each of the four WPPSI-IV

indexes (i)-(iv) is calculated as the average rank-performance on the two sub-tests.

The last index of WPPSI-IV, (v) Processing Speed, is administered by two tests that calculate

the amount of time it takes a child to complete a task and therefore is not dependent on

increasing task difficulty as is the case for the four other WPPSI-IV indexes. For this index, the

score is calculated as the average time of test completion on both sub-tests. All skill factors

for index (i)-(v) are standardised non-parametrically for each age-month group as infant skills

mature rapidly over time.6 Kernel density estimates of the five infant skill distributions for

control and treatment villages are plotted in Figure 2.

The Strengths and Difficulty Questionnaire (Goodman et al., 2000) is a 25-item carer-reported

instrument for the assessment of social, emotional, and behavioural functioning of children

and adolescents ages 2 to 17 years old. For this study, we use an SDQ questionnaire that was

translated and validated for the Chinese context (Du et al., 2008). SDQ measures the following

three non-cognitive sub-domains:

i Externalising Behaviour: measures behavioural problems that are manifested in children’s

outward behaviour such as disruptiveness, hyperactivity, and aggressive behaviour.

5Items with zero variance are excluded from the analysis and represent less than 1% of all item measures.
6This standardisation method is less sensitive to outliers and small sample size within age-category and gives us

normally distributed internally standardised scores with mean zero across each age-month group (Attanasio et al.,
2015).
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ii Internalising Behaviour: measures behavioural problems affecting children’s internal psy-

chological environment such as withdrawn, anxious, and depressed behaviour.

iii Pro-social Behaviour: measures positive behaviours, attitudes, and emotions directed

towards others.

All items for indexes (i)-(iii) are scaled on a 3-point likert scale (1 not true, 2 somewhat true, 3

certainly true). We estimate a dedicated measurement system relating all observed items to a

latent factor capturing the above three SDQ sub-domains:

Iλij = µj +γjθ
λ
i + δλij (2)

with Iλij the observed jth measure for child i; µj the mean of the jth measure and γj the loading of

the factor for measure j. The measurement error δλij is the remaining proportion of the variance

in measure j that is not explained by the latent non-cognitive skill factor θλi and assumed to be

independent and have a zero mean. We further assume again that the measurement system is

invariant to treatment assignment. The parameters of the measurement system are estimated

using maximum likelihood and can be found in Table B1 in Appendix B.

We next use the estimated means and factor loadings from (3) to predict the three latent

non-cognitive skill factors, θλi , for each child i in the sample using the Bartlett scoring method

(Bartlett, 1937). The predicted non-cognitive skill factors are standardized non-parametrically

for each age-month group. Kernel density estimates of the three non-cognitive skill distributions

for control and treatment villages are plotted in Figure 3.

3.3.2 Measuring Parental Investment

Parental investment is measured on several dimensions. First, we measure the parent’s decision

to enrol his/her child into preschool, at what age parents decide to enrol their child, and the

quality of the preschool selection. Enrolment rates and the enrolment age distribution for

control and treatment villages are plotted in Figure 4 in panel (a) and panel (c) respectively. The

preschool enrolment decision by rural Chinese parents might present an important investment
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channel. We collect information on 165 preschools in which children from control and treatment

villages were enrolled at the time of the survey. From the 429 children that enrolled in preschool,

221 are enrolled in village preschools and 208 in township or county preschools.7

Enumerators were sent out to survey both teachers and headteachers to collect information

on preschool characteristics, teacher characteristics as well as measures of structural and process

quality. Preschool characteristics are measured by the number of enrolled pupils, the share

of pupils receiving government need-based aid, and the tuition fees paid by parents each

semester.8 Teacher characteristics are measured by age, gender, years of experience on the job,

salary, and educational attainment as well as whether teachers have received any professional

training in the past year.

Structural quality of preschools is measured by the pupil-teacher ratio, the number of

activity rooms, the size of the outdoor play area, and whether the preschool has a designated

playroom, exercise room, dormitories and provides breakfast to pupils. To assess process quality

we collect information on whether teachers engage in a set of teaching activities such as: reading

books in class, organising physical exercise activities, art&music activities, and science activities.

We also collect information on whether social, and language skills are taught in class.

We use exploratory factor analysis (EFA) to guide us in the dimensionality reduction of the

preschool quality data and determine the optimal factor structure (Appendix B.4.). We derive

a one-factor model which captures general preschool quality. The pattern of estimated factor

loadings (Table B5) shows that higher preschool quality factor scores are associated with with

schools that are bigger in size, more likely to be located in township or counties as compared to

villages and have younger and more educated teachers that are more likely to have received a

teacher training in the past year.9 Higher factor scores are also associated with larger indoor

and outdoor space, the availability of dormitories and breakfast and several measures of process

7We were not able to obtain the preschool information for 22 households who enrolled at preschools that are
out of enumeration area.

8In 2016, the need-based aid in survey region covers up to 750 Yuan per year, equalling to about 110 USD
9A county in China usually consists of several townships and each township usually resides more than 10

villages. Township or county preschools typically offer higher process and structural quality hence the decision to
enrol offspring outside the village in a county or township preschools potentially captures an important parental
investment channel in rural China (Zhao and Hu, 2008; Hu et al., 2014)
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quality such as organising exercise and science activities and reading books in class.

Secondly, we measure parental investment at school-entry by asking parents how much

time and money they spend on their children. The main caregiver is asked whether he/she

engaged in a set of child-rearing activities the previous day, including story-telling, singing

songs, interactive play activities, and how long on average the child spends watching TV during

the day. Caregivers are also asked to report how much money they spend on children’s books,

toys, clothes and school expenditures in the last year.10 Exploratory factor analysis indicates

both time and material parental investment are best measured using a one-factor measurement

system (Appendix B.3.). Estimated factor loadings of the measurement system can be found in

Table B5. Both investment factors are standardized by the distribution of the control group.

3.4 Summary Statistics, Balance, and Attrition

Summary statistics and tests for balance across control and treatment groups during baseline are

shown in Table 1. Differences between study arms in individual child and caregiver characteris-

tics are insignificant. A joint significance test across all baseline characteristics also confirms

that the study arms are balanced.11

Children in our sample are on average just over 24 months old at the start of the program.

Less than 5% of the sample children are born with low birth weight. A large part of the children

in our sample are firstborn in the family (60%). More than 80% of children were ever breastfed

and around 35% were breastfed for more than one year. More than 20% percent of sample

children were anemic according to the WHO-defined threshold of 110 g/L. On average children

were reported to be ill 4 days over the previous month.12 At baseline, around 40 percent

of the sample is cognitively delayed with Bayley MDI scores below 80 points, but few (10%)

were delayed in their motor development. Around 30 percent of the children are at risk of

social-emotional problems at baseline.

10School expenditures include both annual tuition fees and other school-related expenditures.
11We test this by regressing treatment status on all baseline characteristics reported in Table 1 and test that the

coefficients on all characteristics were jointly zero. The p-value of this test is 0.529.
12Caregivers were asked whether the child had suffered from fever, cough, diarrhoea, indigestion, or respiratory

cold over the previous month.
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We also collected information on caregivers and families. Around 26 percent of the sample

receives social security support through the dibao, China’s minimum living standard guarantee

program, as reported in Panel B of Table 1. The biological mother is the primary caregiver

in only 60 percent of households, with grandmothers often taking over child-rearing when

mothers out-migrate to join the labor force in larger cities. We find that slightly more than 70

percent of primary caregivers in the sample (mothers or grandmothers) have at least 9 years of

formal schooling. On average households reported being somewhat indifferent in their feelings

toward the Family Planning Commission at baseline.

Baseline statistics on parental inputs, shown in Panel C of Table 1, demonstrate that care-

givers engage in few stimulating activities with their children. Only 11% of caregivers told

a story to their child the previous day. Less than 5% read a book to their child (on average

households have only 1.6 books). Only around 1 in 3 caregivers report playing with or singing

to their child the previous day.

Overall attrition between November 2014 and May 2015 was less than 1 percent and

insignificantly correlated with treatment status. We define attrition as missing a Bayley’s or

Griffith outcome (depending on the age-cohort) measure at endline for children with a Bayley

baseline measure. Attrition at follow-up two and a half years after program completion was

7.4% and balanced between treatment and control group. Table A1 in the Appendix A shows

summary statistics of baseline characteristics of the non-attrited sample and shows that our

follow-up sample is also balanced on baseline characteristics.

3.5 Estimation of Program Effects

We estimate the medium-run impact of the 6-month parenting intervention on our measures

of infant skills and parental investment. Given the random assignment of households into

treatment and control groups, comparison of outcome variable means across treatment arms

provides unbiased estimates of the effect of the parenting intervention on outcomes. However,

to increase power (and to account for our stratified randomisation procedure) we condition

our estimates on randomisation strata (Bruhn and McKenzie, 2009) and baseline values of the
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outcome variable.

We use ordinary least-squares (OLS) to estimate the intention-to-treat (ITT) effects of the

parenting intervention with the following ANCOVA specification:

Yijt = α1 + β1Tjt +γ1Yij(t−1) + τs + εij (3)

where Yijt is an outcome measure of child i or the parental investment from household i in

village j at follow-up; Tjt is a dummy variable indicating the treatment assignment of village j;

Yij(t−1) is the outcome measure for child i at baseline, and τs is a set of strata fixed effects. We

adjust standard errors for clustering at the village level using the Liang-Zeger estimator.

3.6 Mediation Analysis of Medium-Run Treatment Impact

An important policy question in the ECD literature is how benefits of parenting interventions

are sustained over the life-cycle. We therefore conduct a mediation analysis and test whether

the intervention treatment impact observed in the medium run is driven by the direct program

effect of the 6-month ECD intervention and/or mediated by a shift in parental investment

behaviour as a result of the intervention. The rich data we collected on preschools quality allows

us to test for mediation effects beyond parental time and material investments at home and also

consider the parental preschool enrolment decision.

We perform a mediation analysis following Heckman et al. (2013) in which we add the

mediation channels of interest, the three parental investment factors, to equation (3) and

estimate the following specification:

Yijt = α1 + β1Tjt + ηIijt +γ1Yij(t−1) +Xijtγ2 + τs + εij (4)

where Iijt measures parental investment behaviours at the medium-term follow-up survey. In

a first specification we include each parental investment channel separately. Next, we control
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for all mediation channels simultaneously. In our all specifications we include a wide range of

covariates Xijt to account for shocks that potentially both affect the skill formation of children

and our mediating investment factors.

In order to attribute a causal interpretation to the mediation analysis we need to assume that

the mediating investment factors are exogenous with respect to infant skills conditional on other

observed covariates and treatment assignment . However, it is possible that unobservable shocks

affect both the skill formation of children and mediating investment factors, which would result

in biased estimates. For example, negative shocks to the health of children could both delay

the skill formation and preschool enrolment of children. We address this concern in two ways.

First, we identify mediating factors over a theoretically comprehensive set of parental human

capital investments by including measures of parental investments in both the home and school

environment which reduces the possibility of confounding variables that would introduce bias

in the estimation (Heckman and Pinto, 2015).

Second, we implement unobservable selection and coefficient stability tests proposed by

Oster (2019) to test if coefficients on mediating investment factors change based on the inclusion

of observable controls.13 If the coefficient of the mediating factors does not change with the

inclusion of observable controls, Oster (2019) argues that coefficient estimates are unlikely

to change with the inclusion of unobserbable variables. Hence, we calculate bounds for the

coefficients of the mediating investment factors for two potential scenario. In a first scenario we

assume that there is no unobservable selection bias (δ = 0), whereas in the second scenario we

assume the bias resulting from unobervables is equal to the bias from observable controls (δ = 1).

Next, we report a statistic known as Oster’s δ for each estimated coefficient of our mediating

investment factors, which represents the ratio of the selection bias introduced by unobservables

compared to the bias introduced by the observable controls that is necessary for the indirect

treatment effects of the mediating factors to be statistically insignificant.14 Hence, for high

13Bloem and Wydick (2019) implements the same procedure to test the robustness of a mediation analysis of a
kindergarten intervention in the Philippines.

14We assume R2
max = 1.3 R̃2, as suggested by Oster (2019). To acquire R̃2, we implement a LASSO regression with

cross-validation to find the optimal model fit for the WPPSI working memory index. We find that R̃2 equals 0.31
and hence set R2

max equal to 0.403.
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values of Oster’s δ we can be more confident that the estimated mediation treatment effects are

robust to selection bias.15

4 Medium-Term Impact of the Parenting Intervention at School-

Entry

4.1 Average Treatment Effects on Infant Skills

Medium-run average treatment effects of the parenting intervention measured on cognitive and

non-cognitive skills at school entry can be found in Tables 2 & 3. We find that the 6-month

parenting intervention led to a 0.27 standard deviation increase in working memory two and

half years after program completion. For the other sub-domains of the WPPSI and measured

non-cognitive skills, we find no significant differences between the control and treatment

villages.

Kernel density graphs of all latent skill measures by treatment status are shown in Figure 2.

The working memory skill distribution is clearly shifted to the right for the treatment group and

shows improvements have been achieved across the entire ability distribution. A Kolmogorov-

Smirnov (K-S) test rejects the equality of working memory skill distribution in the treatment

and the control group with a p-value of 0.004.

4.2 Average Treatment Effects on Parental Investment

We find that the parenting intervention had lasting effects on parental investment. At the time

of the endline survey, children in the treatment group continued to receive higher levels of

investment at home. Additionally children in the treatment group were significantly more likely

than the control group to be enrolled in preschool, be enrolled in preschool at earlier ages, and

to be enrolled in higher-quality preschools.

In Panel A of Table 4 we report the average treatment effects on parental time and material

15A negative Oster’s δ indicates that the observables are positively correlated with the mediators and that the
unobservables have to be negatively correlated with the mediators to get null results
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investment at school-entry. At the end of the parenting intervention, we had observed large

increases in parental time investment as a result of the intervention (0.69 SD) Sylvia et al. (2020).

We find evidence that this effect persisted, with the parental time investment factor remaining

0.30 standard deviations higher for the treatment group. The estimated medium-run effect on

material investments is positive (0.10 standard deviations), but does not reach conventional

levels of significance.

Panel B of the same table reports effects on preschool enrolment. We find that parents in

treatment villages were approximately 7 percentage points more likely to have enrolled their

children in preschool by the time of the survey. At the time of the endline survey, around

10% of children in our sample were not (yet) enrolled in preschool but rates of enrolment

were significantly higher in treatment villages.In treatment villages around 5% were not (yet)

enrolled in preschool as opposed to 13% in control villages (Figure 4a).

We further find that parents in treatment villages also enrolled their children at younger

ages. Children in treatment villages were on average enrolled 2 months earlier than children

in control villages.16 Finally, the intervention led parents in treatment villages to enrol their

children in higher quality preschools. We find that children from treatment villages are enrolled

in preschools scoring on average 0.28 SD higher in terms of the preschool quality index. Figure

4d plots the preschool quality distribution for control and treatment villages. The distribution of

the preschool quality factor for treatment villages is stochastically dominant and a Kolmogorov-

Smirnov (K-S) test rejects the equality of the two factor distributions with a p-value < 0.001.

17

16As around 10% of children were not yet enrolled in school at the time of the survey, we have missing information
on their age of future enrolment. Therefore, we performed a bounding exercise to estimate the program treatment
effects on the age of preschool enrolment. We first assume that all children are enrolled latest by the maximum age
in the sample distribution which gives us an upper bound estimate of the treatment effect as presented in Table 4
(point estimate: -1.970, std error: 1.016). Next, we assume all remaining children enrol directly after the survey
takes place, which allows us to estimate a lower bound treatment effect (point estimate: -1.573, std error: 0.911).
Both findings are statistically significant at conventional levels.

17Similarly, we bound the estimates of the program treatment effects on preschool quality. We first assume that
all remaining children are enrolled in worse quality preschool in the township where the households reside which
gives us an upper bound estimate of the treatment effect (point estimate:0.357, std error: 0.132). We assume all
remaining children are enrolled in best quality preschool in the township where the households reside which gives
us an lower bound estimate of the treatment effect (point estimate:0.204, std error: 0.126). The former is significant
at the 1% level and the latter is marginally significant at 10% level.
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Taken together, these results indicate important shifts in the levels of parental investment

behaviour lasting two and a half years after completion of the intervention. In addition to higher

(parent-reported) investments at home, there were meaningful shifts in the parental preschool

enrolment decision attributable to the intervention.

4.3 Parental Preschool Selection Decision

The investments parents make in the school environment of their children may be fundamental

in sustaining longer-run impacts parenting interventions, particularly among children with

high prevalence of cognitive delay. We therefore conducted additional analyses to further

explore how the parenting intervention impacted parental schooling decisions. Our survey

design allows us to study the parental preschool decision in detail as we have information on

both the location of the households and the preschools that children enrol in.18 In this section,

we present estimates of the effect of the intervention on school choice and explore how the

intervention shifted parental schooling preferences, specifically how parents weight alternative

school attributes.

4.3.1 Village vs. Township Preschool Enrolment

At the time of the survey, 90.5% of sample children were enrolled in a preschool. Among

the children enrolled, 55.9% of them attended a local village preschool while 44.1% attended

preschools in townships or county seats. Figure 5 shows the geographical location of the

preschools in the study region and maps the villages that were enrolled in the original random-

ized experiment. The figure also shows the enrolment rates in township or county preschool

and village preschools for treatment and control villages.

There are no administrative obstacles to enrol children in preschools within the county of

residence, but enrolment across county lines can be costly both due to longer travel times and

restrictions due to the the Hukou system (Randau and Medinskaya, 2015). In our sample we

find that only 0.4% of children enrolled in preschools outside their county of residence so for

18Location data on preschools is scraped through Gaode Map API.
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the rest of this analysis we abstract from this and focus on within county preschool choices.

We begin our analysis by formally estimating program treatment effects on the decision to

enrol children in county or township preschools versus village preschools (Figure 4b and Table

5). Preschools located in villages differ from preschools in townships along several important

dimensions. Among other differences, they tend to be larger, have fewer students receiving

need-based government aid, have teachers with better formal qualifications, pay their teachers

higher salaries, have superior facilities, and report practices in line with better process quality

(see Appendix Tables A2a-A2b). They also tend to charge around two times the amount of

tuition: Village preschools charge on average 608 yuan ( $90 at the time of the survey) per

semester compared to 1276 yuan ($189) per semester in township preschools.

Despite significantly higher costs of attendance, we find that around 60% of children in the

treatment villages enrolled in township preschools compared to 40% in the control villages

(Figure 4b). We estimate a treatment effect on enrolment in township preschools of 18.4

percentage points. In line with this, we also estimate that households in the treatment group

were 18.2 percentage points less likely to enrol their children in the preschool that was closest

to them (Table 5). 19

4.3.2 Schooling Preferences

The treatment effects that we find on enrolment in preschool and likelihood of enrolling in

township over village preschools suggest that the intervention affected not only the decision of

whether to attend preschools, but also shifted how parents value different attributes of schools

in making schooling decisions. We explore this further by estimating households’ preferences

over three preschool attributes —total preschool expenses (tuition + fees), preschool quality,

and distance to preschool —and how these differ between the treatment and control groups.

Similar to Burgess et al. (2015) and following McFadden’s approach, we estimate a condi-

19See Appendix C for additional information on preschool choices and preschool enrolment of the sample.
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tional logit model, assuming that error terms have standard Type 1 extreme value distribution:

Enrollmentis =
eXisβ+TiXisβt∑n
l=1 e

Xilβ+TiXilβt
s = 1, ...n

where Xis is the preschool attributes, Ti is the treatment assignment of individual i. To construct

preschool choice sets, we match households with all preschools in their own county and drop

school choices that are more than 81 kilometres from households (we don’t observe any preschool

enrolment above that distance.) For simplicity, we also drop the 10% of the sample children

who were not enrolled in any preschool at the time of the survey.

The results of this analysis are reported in Table 6. The first two columns in the table show

estimates from the conditional logit model and the remaining four columns show the implied

demand elasticities. We find that school choice is inelastic with respect to tuition and fees for

both treatment and control households and that choices are similarly highly elastic with respect

to distance. Treatment households, however, appear to place a significantly higher value on

preschool quality. The coefficient on the interaction term between treatment and school quality

in the conditional logit model indicates a large and significant difference in the weight given to

preschool quality in the treatment and control groups. We estimate an elasticity with respect to

preschool quality of 1.33 in the treatment group compared to 0.17 in control villages.

Taken together, these results provide some evidence that the parenting intervention not only

increased preschool attendance, but also led to a shift in schooling preference two and a half

years after the conclusion of the intervention.

4.4 MediatingMediumRunProgram Impacts: Parental Investment atHome

vs. Preschool

Two and half years after the initial parenting intervention we find large persistent program

impacts on infant working memory skills and parental investment behaviour. A remaining

question is to what degree this persistence in effects on infant skill accumulation was mediated

through a shift in parental investment behaviour relative to other channels. In Table 7 we
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present our findings of the mediation analysis as described in section 3.6. In column (1) we

first report the average program treatment impact on infant working memory, controlling for

a large set of baseline child and village characteristics. Next, in columns (2)-(4) we report

estimated coefficients of the direct and mediated medium-run program impact for each of the

parental investment factors separately. We view this analysis as exploratory as we lack a means

of identifying causal mediation effects.

The results of these regressions indicate a large direct effect on infant skill accumulation due

to assignment of households to the parenting program that remains largely unchanged even

after controlling for the parental time and material investment factors measured at endline.

The findings in column (4), on the other hand, provide some evidence that program effects in

the medium run are at least partly mediated by improved parental investment in preschool

quality. After controlling for treatment assignment to the parenting program we find that

the preschool investment factor significantly predicts infant working memory skill. Moreover,

including the preschool investment factor reduces the estimated direct impact of the parenting

program from 0.25 to around 0.21 of a standard deviation of the working memory infant skill

distribution. This finding is robust to simultaneously controlling for all parental investment

factors as reported in column (5).

Given the lack of a credible means of estimating causal mediation effects, we examine the

robustness of these findings by conducting unobservable selection and coefficient stability

tests following Oster (2019). The estimated coefficients of the mediated program treatment

impacts through the parental investment factors in home environment quality are not robust

to unobserved heterogeneity as the estimated Oster’s δs are respectively -0.11 and 0.62.20

The Oster’s δ estimated in column (4), however, implies that selection through unobservables

would need to be about 1.6 times more influential than the relevant observables to render the

mediating impact of the parental investment in preschool quality insignificant. In other words,

the estimated mediation effect of parental investment in preschool quality is relatively robust to

unobserved heterogeneity.

20The relevant cut-off value for robustness in the literature is 1 (Oster, 2019; Altonji et al., 2005)
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5 Conclusion

This paper presents the medium-run impacts of a home-based parenting program delivered by

cadres of China’s Family Planning Commission on child development and parental investment

at school-entry, two and a half years after program completion. We find large persistent

intervention effects on child working memory - a key skill of executive functioning which

plays a central role in children’s cognitive functioning, behaviour, emotional control, and social

interaction.21 We further find that the observed change in parental investment at the completion

of the parenting intervention persisted at the time children enrolled in preschool as parents in

treatment villages continue to invest more time in their children. Beyond parental investments

in the home, we also find that children in treatment villages enrol earlier and in better quality

preschools —induced by a shift in schooling preferences —as well as evidence that this played a

mediating role in effects on working memory. Taken together, our results imply an important

role for preschool quality in sustaining longer-term effects of early childhood interventions,

particularly where caregivers have low levels of human capital.

Our study has several limitations. First, the study took place in one disadvantaged rural area

in northwest China and, therefore, the medium-run effectiveness of early childhood interven-

tions in other regions or for other populations might differ. Second, we measured a wide range

of cognitive and non-cognitive skills but not all tests administered might be developmentally-

relevant for the population under study and may suffer from measurement error, especially a

concern for caregiver-reported infant non-cognitive skill assessments. Similarly, we measure a

large set of school characteristics associated with better quality in previous studies, but these

may not accurately or completely reflect the specific attributes that predict whether schools

produce learning gains in this context. Finally, we estimate effects two and a half years after the

conclusion of the intervention and a longer-run follow-up of the children in the study will be

necessary to observe whether benefits can be sustained over the life-cycle.

21In the medium term, the program also led to lasting effects on households’ perception of the Family Planning
Commission that were found in the short-run (Sylvia et al., 2020). In the medium term, households from the
treatment villages were more likely to self-report trust in village cadres from the Family Planning Commission
than those from the control villages—point estimate: 0.052, std error: 0.030. p-value:0.082.
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Figure 1: Program Overview

(back to Section 3.3)
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(a) Verbal Comprehension (b) Visual Spatial

(c) Fluid Reasoning (d) Processing Speed

(e) Working Memory

Figure 2: Distribution Cognitive Skill Factors by Treatment Assignment.
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(a) Externalizing Behaviour (b) Internalizing Behaviour

(c) Prosocial Behaviour

Figure 3: Distribution Non-Cognitive Skill Factors by Treatment Assignment

(back to Section 4.1)
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(a) Preschool Enrolment (b) Preschool Enrolment Township

(c) Preschool Enrolment Age (months) (d) Preschool Quality

Figure 4: Preschool Enrolment Decision

(back to Section 4.3)
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Figure 5: Preschool Enrolment Flows

(back to Section 4.3)
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Table 1: Descriptive Statistics and Balance

(1) (2) (3)

Control
(N=301)

Treatment
(N=212)

p-value

Panel A. Child Characteristics

(1) Age in months 24.46 24.45 0.747

(0.20) (0.22)

(2) Male 0.45 0.51 0.185

(0.03) (0.04)

(3) Low birth weight 0.04 0.04 0.774

(0.01) (0.01)

(4) First born 0.59 0.61 0.366

(0.03) (0.04)

(5) Ever breastfed 0.85 0.87 0.974

(0.03) (0.04)

(6) Breastfed ≥ 12 months 0.35 0.39 0.867

(0.05) (0.05)

(7) Anemia (Hb <110 g/L) 0.23 0.27 0.849

(0.03) (0.04)

(8) Days ill past month 4.32 4.55 0.620

(0.33) (0.37)

(9) Cognitive Delay (BSID MDI<80) 0.46 0.39 0.206

(0.04) (0.03)

(10) Motor Delay (BSID PDI<80) 0.12 0.10 0.476

(0.02) (0.02)

(11) Social-Emotional Problems (ASQ:SE>60) 0.25 0.28 0.401

(0.03) (0.03)

Panel B. Household Characteristics

(1) Social security support recipient 0.28 0.25 0.832

(0.03) (0.03)

(2) Mother at home 0.68 0.62 0.116

(0.04) (0.05)

(3) Caregiver education ≥ 9 years 0.72 0.74 0.487

(0.03) (0.04)

(4) Unfavourable perception of FPC 2.87 2.85 0.824

(0.06) (0.05)

Panel C. Parental Inputs

(1) Told story to child yesterday 0.11 0.11 0.960

(0.02) (0.02)

(2) Read book to child yesterday 0.05 0.04 0.872

(0.01) (0.01)

(3) Sang song to child yesterday 0.37 0.35 0.651

(0.03) (0.04)

(4) Played with child yesterday 0.34 0.34 0.996

(0.03) (0.03)

(5) Number of books in household 1.60 1.90 0.615

(0.24) (0.29)

P-values account for clustering within villages. Unfavourable perception of FPC is measured on a 5-point likert scale.
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Table 2: Program Treatment Impact on Infant Cognitive Skills at School-Entry

Treatment effect

Point estimate Std. error P-value FDR q-value

Wechsler Preschool Scale of Intelligence (N=465)

Verbal Comprehension 0.095 (0.089) {0.285} {0.384}
Visual Spatial 0.100 (0.093) {0.285} {0.384}
Fluid Reasoning 0.081 (0.086) {0.347} {0.384}
Working Memory 0.272∗∗∗ (0.095) {0.005} {0.027}
Processing Speed 0.086 (0.091) {0.344} {0.384}

Note: In all regressions we control for strata (county) fixed effects, child gender and baseline develop-
mental outcomes. All skill factors are non-parametrically standardized for each age-month group. To
control the potential bias caused by multiple hypothesis testing, we report the rate (q-value) of false dis-
covery rate (FDR)—the proportion of false positives among all positive results. All standard errors are
clustered at the village level. Significance levels are as follows: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(back to Section 4.1)
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Table 3: Program Treatment Impact on Infant Non-Cognitive Skills at School-Entry

Treatment effect

Point estimate Std. error P-value FDR q-value

Strengths and Difficulties Questionnaire (N=461)

Externalising behaviour 0.120 (0.080) {0.136} {0.617}
Internalising behaviour 0.067 (0.098) {0.496} {0.617}
Pro-Social behaviour 0.088 (0.091) {0.332} {0.617}

Note: In all regressions we control for strata (county) fixed effects and baseline developmental out-
comes. All skill factors are non-parametrically standardized for each age-month group. To control
the potential bias caused by multiple hypothesis testing, we report the rate (q-value) of false discov-
ery rate (FDR)—the proportion of false positives among all positive results.All standard errors are clus-
tered at the village level. Significance levels are as follows: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(back to Section 4.1)
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Table 4: Program Treatment Impact on Parental Investment at School-Entry

Treatment effect

Point estimate Std. error P-value FDR q-value

Panel A: Investment at Home (N=466)

Time investment factor 0.298∗∗∗ (0.108) {0.007} { 0.022}
Material investment factor 0.110 (0.101) {0.280} { 0.107}
Panel B: Investment at Preschool (N= 474)

Preschool enrolment 0.074∗∗ (0.030) {0.016} { 0.022}
Preschool enrolment age -1.970∗∗ (1.015) {0.055} {0.039}
Preschool quality 0.275∗∗ (0.127) {0.030} {0.025}

Note: In all regressions we control for strata (county) fixed effects and baseline developmental outcomes. Around
10% of children are not yet enrolled at the time of the survey hence we assume they will enrol by the maxi-
mum age in the sample distribution. Program treatment effects on township preschool enrollment, preschool
enrollment age, and preschool quality selection are conditional on being currently enrolled (N=429). Preschool
information is missing for 22 households. We impute the preschool quality index for those missing observations
with the township average preschool quality by the locations (township or village) of of preschools that house-
holds enroll the child. To control the potential bias caused by multiple hypothesis testing, we report the rate
(q-value) of false discovery rate (FDR)—the proportion of false positives among all positive results. All stan-
dard errors are clustered at the village level. Significance levels are as follows: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(back to Section 4.2)
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Table 5: Program Treatment Impact on Preschool Location Selection

Treatment effect

Point estimate Std. error P-value FDR q-value

Preschool Location Selection (N=429)

Enrol at township preschool (1=yes) 0.184∗∗∗ (0.066) {0.006} {0.024}
Enrol at closest preschool (1=yes) -0.182∗∗ (0.070) {0.011} {0.024}

Note: In all regressions we control for strata (county) fixed effects and baseline developmental outcomes. Around
10% of children are not yet enrolled at the time of the survey hence we assume they will enrol by the maximum
age in the sample distribution. Preschool information is missing for 22 households. Enrol at closest preschool
variable is a binary variable that equals one when the distance to the enrolled preschool is larger than the dis-
tance to the closet preschool. To control the potential bias caused by multiple hypothesis testing, we report the
rate (q-value) of false discovery rate (FDR)—the proportion of false positives among all positive results. All stan-
dard errors are clustered at the village level. Significance levels are as follows: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(back to Section 4.3)
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Table 6: Parents’ Preferences and Elasticity of Demand with respect to Preschool Attributes

Reference Group Interaction Initial share Mean Preschool Elasticity of Demand

(Control Group) (Treatment Group) of Q Characteristics Control Group Treatment Group

Total Preschool Expense (thousand) -0.070 0.170 0.03 1.17 -0.079 0.114

(Tuition+other fees) (0.084) (0.147) [0.098] [0.159]

Preschool Quality (SD) 0.056 0.384∗∗ 0.03 3.11 0.171 1.333∗∗∗

(0.090) (0.155) [0.279] [0.386]

Distance rank -0.278∗∗∗ -0.059 0.03 18.65 -5.035∗∗∗ -6.094∗∗∗

(0.029) (0.052) [0.591] [0.869]

Observations 13934

Note: Standard errors clustered at household level are in parentheses. Distance rank is used in the es-
timation instead of actual distance to limit the influence of the outliers. The elasticity of demand for
each group is calculated using the formula ∂Q

∂X ×
X
Q , which for the reference group (Control Group) is β ×

X × (1 − Q) and for the treatment group (denoted by t) is (β + βt) × X × (1 − Q). We compute the elastic-
ity with respect to each continuous school attribute X using the mean of X in the same sample. The dis-
tribution of the school quality were shifted so that all observations have positive value. The mean num-
ber of schools in the household’s choice is 33.3. We therefore fix Q to be 1/33.3 ≈ 0.03. Bootstrapped
standard errors (based on 200 repetitions) are reported in brackets. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(back to Section 4.3)
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Table 7: Mediation Analysis of Program Impact on Infant Working Memory Skill

(1) (2) (3) (4) (5)

Working Memory Infant Skill

Treatment 0.252∗∗∗ 0.256∗∗∗ 0.243∗∗ 0.212∗∗ 0.213∗∗

(0.093) (0.094) (0.094) (0.092) (0.094)

[0.24, 0.256] [0.205, 0.243] [0.124, 0.212] [0.125, 0.213]

Time investment factor -0.012 -0.015

(0.044) (0.044)

[-0.149, -0.012]

Material investment factor 0.061∗ 0.041

(0.034) (0.034)

[-0.043, 0.061]

Preschool quality factor 0.122∗∗ 0.113∗∗

(0.052) (0.053)

[0.058, 0.122]

Observations 458 458 458 458 458

R2 0.18 0.18 0.18 0.19 0.19

Oster’s δ(mediator) -0.107 0.622 1.627

Note: In all regressions we control for strata (county) fixed effects, gender of the child, number of siblings, baseline
developmental outcomes, caregiver completed at least 9 years of education, baseline parenting time investment fac-
tor, village average of baseline development outcomes, and township level characteristics, including population, a
average income, labor force participation and labor force out-migration. Identified set using Oster (2019) is reported
in brackets, given R2

max equals 0.403. Around 10% of children are not yet enrolled at the time of the survey, hence
in the mediation analysis through preschool quality factor, the preschool quality of not enrolled children is coded
with the mean preschool quality of the township. Significance levels are as follows: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(back to Section 4.4)
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Appendix A

(a) Information Test (b) Similarities Test

Figure A1: Distribution WPPSI-IV Verbal Comprehension Skills by Treatment Assignment

(a) Block Design Test (b) Object Assembly Test

Figure A2: Distribution WPPSI-IV Visual Spatial Skills by Treatment Assignment

46



(a) Matrix Reasoning Test (b) Picture Concepts Test

Figure A3: Distribution WPPSI-IV Fluid Reasoning Skills by Treatment Assignment

(a) Zoo Locations Test (b) Picture Memory Test

Figure A4: Distribution WPPSI-IV Working Memory Skills by Treatment Assignment

(back to Section 3.3)
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Table A1: Descriptive Statistics and Balance Adjusted for Attrition

(1) (2) (3)

Control
(N=276)

Treatment
(N=199)

P-value

Panel A. Child Characteristics

(1) Age in months 25.019 25.075 0.9514

[3.284] [3.367]

(2) Male 0.454 0.525 0.1241

[0.499] [0.501]

(3) Low birth weight 0.038 0.041 0.9411

[0.191] [0.199]

(4) First born 0.568 0.601 0.3566

[0.496] [0.491]

(5) Anemia (Hb <110 g/L) 0.241 0.283 0.7963

[0.428] [0.452]

(6) Days ill past month 4.459 4.589 0.8192

[5.150] [5.463]

(7) Cognitive Delay (BSID MDI<80) 0.457 0.389 0.3045

[0.499] [0.489]

(8) Motor Delay (BSID PDI<80) 0.113 0.102 0.7960

[0.318] [0.303]

(9) Social-Emotional Problems(ASQ:SE>60) 0.255 0.283 0.5454

[0.437] [0.452]

Panel B. Household Characteristics

(1) Social security support recipient 0.351 0.333 0.8354

[0.478] [0.473]

(20 Mother at home 0.684 0.636 0.2079

[0.466] [0.482]

(3) Caregiver education ≥ 9 years 0.652 0.657 0.7494

[0.477] [0.476]

(4) Unfavourable perception of FPC 2.832 2.832 0.9460

[0.600] [0.630]

Panel C. Parental Inputs

(1) Told story to child yesterday 0.115 0.117 0.9338

[0.319] [0.322]

(2) Read book to child yesterday 0.045 0.041 0.7929

[0.208] [0.198]

(3) Sang song to child yesterday 0.373 0.354 0.6359

[0.485] [0.479]

(4) Played with child yesterday 0.324 0.354 0.5966

[0.469] [0.479]

(5) Number of books in household 1.512 1.924 0.4193

[3.475] [4.644]

Standard deviation in the bracket; P-values account for clustering within villages.
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Table A2a: Preschool and Teacher Characteristics

(1) (2) (3)

Village Township p-value

Number of pupils 69.585 251.087 0.000

(8.777) (19.146)

Share pupils receiving government need-based aid 0.268 0.208 0.043

(0.021) (0.018)

Tuition fee per semester (Yuan) 607.926 1275.704 0.001

(25.942) (226.249)

Teacher age 36.128 33.377 0.061

(1.041) (0.936)

Teacher male 0.138 0.000 0.001

(0.036) (0.000)

Teacher experience 6.452 4.819 0.119

(0.814) (0.498)

Teacher monthly salary (Yuan) 2183.436 2158.086 0.892

(136.098) (114.954)

Share of teachers with bachelelor degree 0.251 0.528 0.000

(0.036) (0.042)

Teacher training in past year 0.691 1.000 0.000

(0.048) (0.000)

N 94 71

Standard errors in parentheses.
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Table A2b: Preschool Quality

(1) (2) (3)

Village Township p-value

Panel A: Structural Quality

Pupil-teacher ratio 21.964 20.169 0.406

(1.620) (1.208)

Number of activity rooms 1.862 6.333 0.000

(0.216) (0.454)

Outdoor play-area 368.426 668.913 0.017

(77.270) (100.475)

Preschool has play room 0.160 0.406 0.000

(0.038) (0.060)

Preschool has exercise room 0.149 0.464 0.000

(0.037) (0.060)

Preschool has dormitories 0.213 0.609 0.000

(0.042) (0.059)

Preschool provides breakfast 0.500 0.696 0.012

(0.052) (0.056)

Panel B: Process Quality

Teacher reads books in class 0.926 1.000 0.020

(0.027) (0.000)

Teacher organizes exercise activities 0.702 0.971 0.000

(0.047) (0.020)

Teacher organizes art& music activities 0.936 0.971 0.312

(0.025) (0.020)

Teacher organizes science activities 0.809 0.942 0.014

(0.041) (0.028)

Teacher teaches social skills 0.957 0.971 0.652

(0.021) (0.020)

Teacher teaches language skills 0.989 0.971 0.392

(0.011) (0.020)

N 94 71

Standard errors in parentheses.

(back to Section 4.3)

50



Appendix B: Measurement System

This appendix provides further detail about the dimensionality reduction techniques and

measurement systems of infant skills, parental investment and school quality.

B.1. Infant Cognitive Skills

Infant cognitive skills are measured using the Wechsler Preschool and Primary Scale of Intelli-

gence (WPPSI-IV)(Wechsler, 2012). The WPPSI-IV consists of several individually administered

subtests, each of which measures a specific area of cognitive ability. In each sub-test in index

(i)-(iv) administered test-items increase in difficulty level and the test is stopped when a child

can no longer provide a correct answer. Given this specific test structure, we first estimate a

two-parameter logistic IRT measurement system for each of the eight sub-tests which calculates

the optimal weighted average of all items taking into account response patters. Conceptually,

IRT models can be viewed as an extension of confirmatory factor analysis (CFA) to binary or

categorical outcomes.22

Let Iλij define the performance measure for child i and item j on test λ and let’s assume it is

determined as follows:

Iλij = βj +αjΛ
λ
i + ελij (5)

where Λλ
i is child i’s latent skill for test λ and this is assumed to be independent from the error

term ελij . In other words, we assume that a unidimensional skill is sufficient in explaining a

child’s response behaviour on items in each sub-test. We further assume that a child’s response

to an item is independent of his or her responses to other items after conditioning on child

latent skill.

The variable Iλij is not observed to the enumerator or caregiver. Instead, we observe Iλij=1 if

Iλij > 0 and Iλij = 0 otherwise. The model is identified by assuming Λλ
i ∼N (0,1). We further as-

sume that the measurement system is invariant to treatment assignment. Hence, the probability
22See Skrondal and Rabe-Hesketh (2009) for detailed overview of IRT estimation methods and Zhao and Hu

(2008) for practical examples.
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of observing Iλij = 1 given the child’s latent skill Λλ
i is denoted as follows:

P r(Iλij = 1|Λλ
i ) = 1− P r(ελij ≤ −βj −αjΛ

λ
i |Λ

λ
i ) = 1−Fε(−βj −αjΛλ

i ) (6)

where Fε is the distribution of ελij . The estimated item specific intercepts, βj , represent the level

of difficulty of item j. The higher the value of βj , the lower the success rate of item j is for

a given latent skill level and hence the more difficult item j is. The parameter αj represents

the discrimination ability of item j as the rate at which the probability of answering correctly

changes with a child’s latent skill. Items with large discrimination value have a high correlation

between latent skill and the probability of success and can distinguish better between low and

high levels of latent skill. Hence, in the 2-parameter logistic IRT model, the probability of

success on an item j is a function of both the level of latent skill Λλ
i and the difficulty level, βj ,

and discrimination ability, αj , of item j. Below we describe the individual tests in more detail

and provide test diagnostics from the two-parameter logistic IRT model.

(i) Verbal Comprehension

The verbal comprehension index measures a child’s verbal reasoning and comprehension

abilities and is assessed using the WPPSI-IV Similarities test and the Information test. During

the administration of the Similarities test the child is read incomplete sentences containing two

concepts that share a common characteristic. The child is asked to complete the sentence by

providing a response that reflects the shared characteristic. During the Information test, the

child is asked to respond to questions by choosing pictures from four response options and

answer questions addressing a broad range of general knowledge topics.

Figure B1.1 plots the distribution of estimated item-difficulty parameters , β̂j , for each of

the 2 administered tests from the two-parameter logistic IRT measurement system. Items with

negative estimated difficulty parameters are considered relatively easy, and items with positive

difficulty parameters are relatively hard. The distribution of the estimated difficulty parameters

provides information about whether the test is well-designed for the population under study.
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In an ideal test, the difficulty parameters smoothly transition from easy to more difficult and

cover the whole skill distribution. By this metric, the Similarities test is not well designed as the

values of the difficulty level are relatively flat after item 11. This means that the test is not able

to distinguish well between children with medium and high latent skill levels.

Figure B1.2 plots the Item Characteristic Curves (ICCs) for both tests. The ICC plots the

probability that a person is successful on a given item j as a function of child’s i latent skill

Λλ
i for test λ. The ICCs for the tests of the WPPSI-IV Verbal Comprehension index confirm

that the Similarities test fails to differentiate between medium and higher levels of latent skill.

Moreover, the estimated discrimination parameters, α̂j , for more easy items are relatively low in-

dicating that the test is also not very good in differentiating between low and medium latent skill.

(a) Information Test (b) Similarities Test

Figure B1.1: Distribution of task item difficulty levels WPPSI-IV Verbal Comprehension
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(a) Information Test (b) Similarities Test

Figure B1.2: Item Characteristic Curves (ICCs) WPPSI-IV Verbal Comprehension

(ii) Visual Spatial

The visual spatial index measures the ability to organise and understand visual parts and

information, assimilate visual and motor functions simultaneously, and see the whole-part

connection to objects. Visual spatial ability is assessed using the WPPSI-IV Block Design and

Object Assembly test. During the Block design test, a child is asked to use one- or two-color

blocks to recreate the design of a picture in a stimulus book within a specific time limit. In

the Object Assembly test, the child is presented with pieces of a puzzle which needs to be fit

together within the time span of 90 seconds. Figures B2.1- B2.2. show that the Block Design test

is good in distinguishing between low and high ability, but less accurate in measuring medium

ability. The Object Assembly test, on the other hand, is only precise in measuring very low

latent skill as almost all estimated item difficulty parameters are negative.
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(a) Block Design Test (b) Object Assembly Test

Figure B2.1: Distribution of task item difficulty levels WPPSI-IV Visual Spatial

(a) Block Design Test (b) Object Assembly Test

Figure B2.2: Item Characteristic Curves (ICCs) WPPSI-IV Visual Spatial

(iii) Fluid Reasoning

The fluid reasoning index measures a child’s ability to utilize inductive reasoning which is

the ability to use past observations to predict current situations. Fluid reasoning ability is

administered by the WPPSI-IV Matrix Reasoning and Picture Concept test. In the Matrix

Reasoning test, a child is presented with an incomplete matrix and asked to select missing

parts from 4 or 5 response options. During the Picture Concepts test, the child is shown two
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or three rows of pictures and needs to choose one picture from each row to form a group

with a common characteristic. Figures B3.1- B3.2 show that both tests are relatively better at

measuring and distinguishing between higher latent skill levels. Figures B3.1- B3.2 show that

both tests are relatively better at measuring and distinguishing between higher latent skill levels.

(a) Matrix Reasoning Test (b) Picture Concepts Test

Figure B3.1: Distribution of task item difficulty levels WPPSI-IV Fluid Reasoning

(a) Matrix Reasoning Test (b) Picture Concepts Test

Figure B3.2: Item Characteristic Curves (ICCs) WPPSI-IV Fluid Reasoning
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(iv) Working Memory

The working memory index measures the ability to balance focus and attention while manip-

ulating visual and auditory information in conscious awareness and is administered by the

WPPSI-IV Zoo Location and Picture Memory tests. In the Zoo Locations test, a child is shown

one or more animal card placeds on a zoo layout and than asked to place the animal cards in the

previously displayed locations. During the Picture Memory test, a child is shown one or more

pictures for a specific duration of time and than asked to select the same picture from options

on a response page. Figures B4.1- B4.2 show that the Zoo Locations test is relatively good

in distinguishing between different latent skill levels but has a small amount of items which

reduces overall accuracy. The Picture Memory test is well designed to distinguish between low,

medium and high latent skills and has high discrimination ability across all items.

(a) Zoo Locations Test (b) Picture Memory Test

Figure B4.1: Distribution of task item difficulty levels WPPSI-IV Working Memory
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(a) Zoo Locations Test (b) Picture Memory Test

Figure B4.2: Item Characteristic Curves (ICCs) WPPSI-IV Working Memory

(v) Processing Speed

The processing speed index analyses how quickly a child can scan and differentiate visual

information and is administered by the WPPSI-IV Bug Search and Cancellation tests. Both

tests measure the amount of time a child requires to finish the task. During the Bug Search

test, a child uses an ink dauber to mark the image of a bug that matches the target bug in a

collection of different bugs. For the Cancellation test, a child is asked to scan two arrangements

of objects on a page and mark all the target objects. Performance on both test is not dependent

on increasing task difficulty as is the case for the other WPPSI-IV indexes and hence there is no

need to estimate an IRT model.

B.2. Infant Non-Cognitive Skills

Infant non-cognitive skills are measured using the Strengths and Difficulty Questionnaire (SDQ),

a widely used behavioural screening tool translated to Chinese and validated on a Chinese

sample (Goodman et al., 2000; Du et al., 2008). The SDQ comprises of 25 items assessing social,

emotional and behavioural functioning of children reported by the main caregiver on a 3-point

likert scale ( 1 not true, 2 somewhat true, 3 certainly true). Items are both positively and negatively

phrased to avoid the effect of acquiescence bias. The original proposed factor structure of the
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SDQ includes five scales of five items each corresponding with five sub-domains: (i) conduct

problems; (ii) hyperactivity/inattention; (iii) emotional symptoms; (iv) peer problems and (v)

prosocial behaviour (Goodman, 1997).

Alternatively sub-domains (i) and (ii) can be combined to measure externalizing behaviour

which assesses behavioural problems that are manifested in children’s outward behaviour such

as disruptiveness, hyperactivity, and aggressive behaviour. The sub-domains (iii)-(iv) can be

combined to measure internalizing behaviour which assesses behavioural problems affecting

children’s internal psychological environment such as withdrawn, anxious, and depressed

behaviour. More recent studies using exploratory and confirmatory factor analysis indicate that

this three-factor structure might be more appropriate (Dickey and Blumberg, 2004; Goodman

et al., 2010).

We follow the literature and estimate a three-factor dedicated measurement system in which

each item is associated with at most one factor (Gorsuch, 2003; Thompson, 2004). Parameters of

the dedicated measurement system are estimated using maximum likelihood and can be found

in Table B1. The first column in Table B1 reports factor loadings of each of the 25 items for

the three non-cognitive skill factors. We normalize factor loadings of the first measure for each

skill factor to one. In the second column of Table B1 we report the signal-to-noise ratio which

indicates how much of the variance in each of the 25 items is driven by signal relative to noise.

The signal-to-noise ratios for the jth item is calculated as:

Sj =
γ2
j V ar(θ

λ)

γ2
j V ar(θ

λ) +V ar(δλj )

Several items of the SDQ have poor signal-to-noise ratios, confirming previous findings in

the literature that document measurement error in early childhood skills (Cunha et al., 2010),

especially for caregiver assessments as correlations between questions are partially driven by

answering patterns of respondents (Johnston et al., 2014; Laajaj and Macours, 2017).
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Table B1: Measurement System Non-Cognitive Skills

Latent skill factor Measurement item Factor loading % signal

Externalizing Behaviour Often loses temper 1 0.317

Generally well behaved, usually does what adults request -0.220 0.014

Often fights with other children or bullies them 0.485 0.151

Often lies or cheats 0.461 0.145

Steals from home, school or elsewhere 0.121 0.060

Restless, overactive, cannot stay still for long 0.728 0.139

Constantly fidgeting or squirming 1.014 0.247

Easily distracted, concentration wanders 0.686 0.177

Think things out before acting -0.291 0.030

Good attention span, sees work through to the end -0.503 0.081

Internalizing Behaviour Often complains of headaches, stomach-aches or sickness 1 0.174

Many worries or often seems worried 1.000 0.215

Often unhappy, depressed or tearful 1.031 0.209

Nervous or clingy in new situations, easily loses confidence 1.084 0.150

Many fears, easily scared 1.344 0.271

Rather solitary, prefers to play alone 0.747 0.090

Has at least one good friend -0.135 0.005

Generally liked by other children -0.244 0.013

Picked on or bullied by other children 0.947 0.181

Gets along better with adults than with other children 0.247 0.008

Prosocial Behaviour Considerate of other people’s feelings 1 0.124

Shares readily with other children, for example toys, treats, 0.998 0.145

Helpful if someone is hurt, upset or feeling ill 1.722 0.334

Kind to younger children 1.108 0.208

Often offers to help others (parents, teachers, or other children) 1.697 0.411

60



B.3. Parental Investment

In a first step we use exploratory factor analysis (EFA) to determine the number of factors we

need to extract from our list of time and material parental investment measures. We use Horn’s

parallel analysis (Horn, 1965) and Cattell’s scree plot (Cattell, 1966) to guide us in the factor

selection process (Table B2 and Figure B5).

Table B2: EFA Factor Selection Parental Investment

Cattell’s scree plot Horn’s parallel analysis

Time investment 1 1

Material investment 1 1

(a) Time investment Test (b) Material investment

Figure B5: Scree Plot of Eigenvalues of PCA

Both factor selection methods indicate we should use a one-factor measurement model for

time and material investment. We next proceed with estimating factor loadings which are

reported in Table B3. We find that the first three investment measures load positively on the

latent time investment factor. The last investment measure, number of hours per day toddler

spends watching tv, loads negatively on the latent time investment factor. The signs of the
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estimated factor loadings give us confidence that we are indeed measuring positive parenting

time investment practises. The cost measures of books, toys, clothes and school all load positively

on the latent material investment factor. All measures load relatively strongly on the latent

factor loadings hence we retain all measures and estimate means and factor loadings using

maximum likelihood. We next predict factor scores for both parental investment dimensions

and further standardize the factors by the distribution of the control group.

Table B3: Estimated factor loadings time and material parental investment

Factor Loading

Time investment

Whether the family uses toys to play with toddler 0.577

Whether the family reads to toddler 0.549

Whether the family sings to toddler 0.564

Number of hours per day toddler spends watching tv -0.216

Material investment

Cost of children’s books last year 0.527

Cost of children’s toys last year 0.572

Cost of children’s clothes last year 0.572

Cost of children’s school last year 0.262

B.4. Preschool Quality

We collect data on preschool and teacher characteristics, process and structural quality. It

is a priori unclear which measures best predict (perceived) preschool quality in rural China

hence, in a first step, we use EFA to explore along which dimensions preschools can be best

classified. Horns parallel analysis (Horn, 1965) indicates there are 5 main latent dimensions in

the preschool data we collected. However, Cattell’s scree plot Cattell (1966) shows that a large

part of the variation in preschools can be summarized by one latent factor (Table B4 and Figure
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B6). Estimated factor loadings for the 5-factor measurement model can be found in Table B5.

Table B4: EFA Factor Selection Preschool Quality

Cattell’s scree plot Horn’s parallel analysis

Preschool quality 1 5

Figure B6: Preschool Quality

The pattern of estimated factor loadings in Table B5 suggest that the first latent factor is indeed

a good measure of general preschool quality as it captures preschool and teacher characteristics

as well as structural and process quality. Higher factor scores are associated with schools that

are bigger in size, more likely to be located in township or counties as compared to villages

and have younger and more educated teachers that are more likely to have received a teacher

training in the past year. Higher factor scores are also associated with larger indoor and outdoor

space, the availability of dormitories and breakfast and several measures of process quality such

as organising exercise and science activities and reading books in class.

Variation in the second latent factor is driven by preschools with smaller pupil-teacher ratios

and older teachers that receive higher salaries but score low on process quality measures. Hence
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Table B5: Estimated Factor Loadings Preschool Quality

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5

Preschool & Teacher Characteristics

Number of pupils 0.774 0.250 -0.103 -0.075 0.057

Share pupils receiving government need-based aid -0.252 -0.162 0.138 0.104 0.230

Tuition fee per semester (Yuan) 0.272 0.076 -0.262 0.042 -0.166

Township preschool 0.627 0.224 -0.026 -0.060 0.138

Teacher age -0.408 0.501 -0.136 0.300 0.012

Teacher male -0.346 0.543 0.188 -0.088 -0.191

Teacher experience -0.273 0.326 -0.277 0.452 0.051

Teacher monthly salary (Yuan) -0.184 0.650 0.414 -0.119 0.028

Share of teachers with bachelor degree 0.335 0.082 0.321 -0.206 0.220

Teacher training in past year 0.519 0.130 0.273 0.013 -0.083

Structural Quality

Pupil-teacher ratio 0.037 -0.314 -0.046 0.029 0.079

Number of activity rooms 0.715 0.281 0.058 -0.079 0.144

Outdoor play-area 0.347 0.149 -0.097 -0.043 0.061

Preschool has play room 0.245 0.118 -0.135 0.135 0.359

Preschool has exercise room 0.243 0.207 -0.434 0.185 0.239

Preschool has dormitories 0.525 0.067 -0.248 0.069 -0.287

Preschool provides breakfast 0.443 -0.064 -0.185 -0.050 -0.345

Process Quality

Teacher reads books in class 0.331 -0.233 0.025 0.126 0.097

Teacher organizes exercise activities 0.541 -0.132 0.205 -0.027 -0.053

Teacher organizes art& music activities 0.276 -0.316 0.212 0.328 0.057

Teacher organizes science activities 0.313 0.131 0.132 0.291 -0.241

Teacher teaches social skills 0.235 -0.096 0.354 0.556 -0.058

Teacher teaches language skills 0.019 0.032 0.300 0.291 -0.022

this second latent factor might capture more informal village nurseries with small numbers of

enrolled children. Variation in the subsequent latent factors is driven by a small number of

items, none of which present a clear pattern. We hence proceed with a one-factor model and

use estimated means and factor loadings to predict a latent preschool quality score for each

preschool in the sample. Factor scores are further standardized by the distribution of the control

group.
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Appendix C: Additional Information on Preschool Choices and

Preschool Enrolment of the Sample

We collect data on distance and travel time between each pair of program villages and preschools

within each county through Gaode Map API. Table C1 shows descriptive statistics of the within

county preschool choice sets and actual enrolment.

Panel A of Table C1 shows descriptive statistics of the within county preschool choice set.

We find that the average minimum distance from program villages to any available preschool

within the same county is about 5 kilometres which is equivalent to around 10 minutes of

driving. However, a majority of households does not own a car in these rural villages, and the

popular modes of transportation, either by public transportation or motorcycle, usually take

much longer. The average minimum distance from program villages to any available preschools

in townships or county seats within the county is about 12 km or 23 minutes driving. Hence,

the difference in cost in terms of time and distance travelled between enrolling children in the

closest village preschool compared to the closest township or county preschool is considerable.

Next, we look at the distance and duration of the within county preschool enrolment flows

of the sample children (Panel B in Table C1). When we compare the actual enrolment choices

of parents to the statistics of the preschool choice set, it becomes clear that many parents do

not enrol their children in the nearest preschool but travel considerably longer to more distant

preschools. The average distance between program villages and the preschools that children

enrol in is 12 kilometres, or equivalent to about 21 min driving. Overall, these findings provide

some suggestive evidence that for rural parents the preschool enrolment decision might be an

important investment channel for which they are willing to incur extra costs.
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Table C1: Within County Preschool Choice Set and Actual Enrolment

Panel A: Rural Preschool Choice Set Mean [SD]

Minimum distance to any preschool (km) 4.785

[7.094]

Minimum duration to a any preschool (min) 10.018

[13.674]

Minimum distance to preschool in township or county seat (km) 12.408

[10.598]

Minimum duration to preschool in township or county seat (min) 23.043

[18.240]

Panel B: Actual Preschool Enrolment

Distance to enrolled preschools (km) 11.789

[15.962]

Duration to enrolled preschool (min) 20.853

[25.319]

Note: Standard deviations are in the brackets.

(back to Section 4.3)
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