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Chapter 1: Introduction

1.1 Motivation and contribution: why evaluate?

Enormous sums of money are spent every year to try to improve outcomes.
According to the Organisation for Economic Co-operation and Development
(OECD), on average, OECD countries spend around 20% of Gross Domestic
Product (GDP) on social policies and programs (OECD, 2021a). The
expenditures on development aid in 2020 reached US$175 billion (OECD,
2021b), financing numerous development interventions across the globe.
Through commitments to the Millennium Development Goals and
subscriptions of global initiatives, donors have repeatedly committed to
increasing their financial assistance to the developing countries. But do we
know whether these expenditures improve well-being? For example, did a
water sanitation project in rural indigenous communities increase the use of
clean water and better hygiene practices? Did a new computer-based
instruction of mathematics in primary schools of a large city increase
learning? Was the training program for disadvantaged youth in shantytowns
effective in fostering labor market outcomes? Can we say how the
development assistance funds should be allocated across different areas of
social spending? Program evaluation is the tool to understand whether
programs and policies work and whether the resources spent on designing
and implementing the interventions make a difference.

Generally, the objectives of program evaluations are to determine whether
programs are effective, provide accountability for organizations running
programs, and improve future programs based on the lessons learned from
past experiences. The ultimate purpose of program evaluation is to identify
what works so that we can improve people’s outcomes in a more effective
and efficient way.

Program evaluation is a very broad field, encompassing different types of
evaluations, such as the assessment of whether the program is relevant (i.e.,
whether it is needed, and whether the program design has a logic and theory
of change); assessment of program implementation, which focuses on the
analysis of processes; assessment of program effectiveness (i.e., whether the



program objectives are achieved), the assessment of program impact (impact
evaluation); assessment of program costs (i.e., efficiency).!

Impact evaluation is one of many different approaches to evaluating policies
and programs. Being part of a large program evaluation toolkit, impact
evaluation is the only one that provides rigorous evidence that the changes in
the well-being of individuals can be attributed to a program or policy. In a
nutshell, impact evaluation is a set of methods that can be used to identify a
causal relationship between the intervention (program o policy) and the
outcome (e.g., learning, employment, income) by comparing the results in the
population with and without the intervention. If the evaluation is well-
designed and well-implemented, it can provide convincing evidence on
program effectiveness, the evidence that can be used to inform policy
decisions, shape public opinion, and improve program implementation.?

In this dissertation, | present the results of impact evaluations of two
development programs implemented in Bolivia and one social policy
implemented in Brazil. The availability of rigorous evidence to inform policy
decisions in Latin America and the Caribbean (LAC) is as relevant as
elsewhere in the developing world. Nonetheless, the need for evidence-based
decision making in LAC acquired particular importance in the past two years
because of the urgency to develop a road map guiding an intelligent recovery
from the economic downturn caused by the COVID-19 pandemic, which hit
particularly hard LAC countries.® In addition, the region strives to solve the
structural problem of ineffective and inefficient public spending, which
requires producing rigorous evidence for better allocation of public resources
(Izquierdo et al., 2018). The first two impact evaluations contribute to the
literature by providing causal estimates of the effect of large randomized
controlled trials which sought to improve children’s development through
better early childhood experiences and environment. The third impact
evaluation provides quasi-experimental causal evidence answering an

1 See, for example, Rossi et al. (2018) for a broad systematic approach to program
evaluation.

2 The extent to which impact evaluation can influence stakeholders and a broader policy
agenda is discussed elsewhere. See, for example, Achie (2019).

3 Latin America and the Caribbean has become the region hardest hit by the COVID-19
pandemic. On May 22 of 2020, the region was declared the “new epicenter” of the pandemic
by the World Health Organization and remained in that condition until September 2020.



important question of whether an increase in spending on education makes a
difference for student achievement. All three studies evaluate programs
focused on fostering human capital, which has proved to be important in
determining adult outcomes and intergenerational mobility at the individual
level.* At the macro level, human capital is considered to be a key factor
driving productivity, economic growth and development.®

Given that the empirical studies presented in this dissertation implement
impact evaluation methods, in the following sections of this introductory
chapter | lay out the methodological framework of impact evaluation. The
purpose of these sections is to contextualize the methodologies that are used
In the impact evaluations presented in chapters two, three and four. Because
two impact evaluations presented in this dissertation use the experimental
evaluation method and one uses the instrumental variables (1) approach, in
addition to presenting the potential outcome framework for causal inference,
| elaborate on the experimental evaluation and the IV method in the context
of imperfect compliance.® The last section of this introductory chapter
presents the summaries of the chapters two through five.

1.2 Causal inference and potential outcome’

The focus on causality and attribution is the cornerstone and the main
challenge of impact evaluation. Specifically, the challenge is that the
estimation of the program impact with attribution requires estimating
outcomes with and without the program. Formally, for an individual i, let D;
be a treatment indicator. When the individual is treated, D; = 1, and when
not treated, D; = 0. Let Y;; be the outcome if treated and Y,; be the outcome
if not treated. Then, the impact of treatment (program or policy) for the ith
individual is:

4 Attanasio et al. (2021) and studies cited there.

® See, €.g., Lucas (2015), Attanasio et al. (2020) and the studies cited there.

® The details on other impact evaluation methods can be found in dedicated textbooks and
toolkits, including Duflo, et al. (2007), Banerjee and Duflo (2011), Angrist and Pischke
(2008), Imbens and Rubin (2015), Gertler et al. (2016).

" Sections 1.2 -1.5 draw on the lecture notes from the Program Evaluation course by Ofer
Malamud, Applied Econometrics course by Koichiro Ito (both of the University of Chicago
Harris School of Public Policy), and the textbook Duflo et al. (2007).



A= Yy — Yy

This equation illustrates the fundamental problem of evaluation: it is
impossible to observe one individual in two states. That is, we only get to
observe one of the two potential outcomes for the same individual. As a
result, it is impossible to determine actual program impact for a specific
individual. Instead, what impact evaluation methods do, they focus on
estimating the average effect of the treatment for all individuals in the
relevant population.

Formally, the Average Treatment Effect (ATE), or the impact of the treatment
on the entire population, is an expectation of the ith individual ATE, or an
expectation of the difference between the outcome with and without program
for the ith individual:

AATE = E(Ai) = E(Yu' - Yot)

Another commonly estimated parameter is the Average Treatment Effect on
the Treated (ATT), which shows the program effect in the treated population:

A*TT= E(A|D = 1) = E(Yy; — YD = 1)

If treatment effects are constant or homogeneous, then A4TT= AA4TE A closer
look at the ATT formula shows that it consists of difference between two
means: E(Yy;|D = 1) and E(Y,y;|D = 1). The first mean can be estimated in
a straightforward way. Because of the law of large numbers, E(Y;|D = 1) =
Y; p=1. The estimation of the second mean, E(Yy;|D = 1), is the estimation
of the “missing counterfactual.”

By subtracting and adding E (Yy;|D = 0) to A4TT, we obtain the following
expression:

AT + E(Y|D =1) — E(Yy|D = 1)
= E(YlD =1) — E(Yy|D =1) + E(Yy|D =0)
- E(Yoi|D =0)
= 171,1):1 - 1?0,D=0 + [E(Yy; D = 1) — E(Yy;|D = 0)]
= AT + [E(Yo;:|D = 1) — E(Yy;|D = 0)]



Where E(Yy;|D = 1) — E(Y,;|D = 0) is the selection term. The selection
term captures differences in the outcome of the treatment group (the group
that received the treatment), had it not been treated, and the control group (the
group that does not receive the treatment).

Because Y; = Y;; if D; = 1and Y; =Y,; if D; = 0, we can write the observed
outcome Y; in terms of the potential outcomes Y;; and Y;; as follows:

Yi=DY;; + (1 — DYy,
Under constant treatment effects, A;=Y;; — Y,; = 6. Then:

Y, =Dy + (1 — DYy = DiYyy + Yoy — DYy = You + (Y, — Yo Dy
= Yo + (Yy; — Yo)D; + [E(Yy) — E(Yp)] = E(Yyy)
+ (Y — Yo)Di+ Yo, —E(Yy) = B+6D; + ¢

Where £ is the mean of expectation of Yy;, § is a constant treatment effect,
A=Yy —Yy,; =4, and g is the random part of Y,;. Now, if we take the
expectation of Y; conditional on D; = 1and D; = 0 and substruct both
expressions, we obtain:

or
Yip=1 — Yop=o =6+ Elg|D; = 1] — Elg|D; = 0]

Where E[g|D; = 1] — E[g|D; = 0] = E(Yy|D = 1) — E(Yy;|D = 0) s
the selection term expressed in terms of the error of a linear regression. So,
for estimation of the treatment effect without selection, we need to assume
that the expectation of the error term does not depend on the treatment status
or that the error term is uncorrelated with treatment.

Assuming linearity of potential outcomes as a function of observed
characteristics X, assuming linearity in parameters and separability of
unobserved characteristics captured by &; we get:



Yi; = XiB1 + €15
Yoi = XiBo + &oi

Assuming that these regression functions have identical parameters and only
differ by a constant § which vaires by treatment D, we get a standard Ordinary
Least Squares (OLS) regression:

Yi= Xiﬁ+5Di+£i

In which & is an unbiased estimate of causal effect of treatment D on outcome
Y if the following assumptions on the error term hold:

E(Si) =0
E(glX) = E(e)
E(g|D;) = E(g) < E(g|D; = 1) = E(]D; = 0)

Combining these assumptions, we can write:
E(€i|Xl-, Dl) =0

This expression indicates that under the assumption that the conditional mean
of the error is zero, there may be selection on observable characteristics X,
but no selection on any unobservable characteristics. Under this assumption,
the OLS estimates of & are unbiased such that E(§) = 6.

1.3 Experimental method as a “gold standard”

Experimental evaluation, in which program participants are assigned to
treatment and control groups randomly, is considered to be a “gold standard™®
of impact evaluation methods because it allows to obtain a rigorous and
unbiased estimate of the causal impact of an intervention. This happens
because, if the treatment status is randomly determined, the distribution of
observable and unobservable characteristics for the treated and untreated
populations is the same as the distribution for the whole population.

8 Abdelghafour (2017), Donovan (2018).



Formally:
F(X,,|D=1)=FX,&,|D=0) = F(X,¢)

This implies that there is no systematic difference between treated and not
treated, meaning that there is no selection problem by design. This allows to
estimate the ATE by a simple difference between treatment and control group
means:

AMTE=E(Y,) —E(Yp) = E(YylD; = 1) —E(YuID; =0) = ¥, — 1
In the OLS regression framework:
Yi = ﬁ + SDL + &

Where § = AATE=Y, — Y, and A4T% is unbiased under random assignment.
If we include observed characteristics X, the regression to estimates is the
following:

Y= X;f+6D; +¢

If the treatment is randomly assigned, we add X to improve precision of the
estimate A4TZ. Adding X should not change the estimate itself, so long as D
and X are statistically independent.

In summary, an experimental evaluation, through randomized assignment in
treatment and control groups, achieves the best possible “missing
counterfactual”. The result is that the estimation of A4”¥ is unbiased because
the conditional independence assumption is satisfied by construction.

1.4 Imperfect compliance and instrumental variables

Despite being a “gold standard” of impact evaluation methods, experimental
evaluations present challenges. One of them is imperfect compliance with the
assignment to the treatment or control group. Without complete compliance,
the possibility of self-selection arises because, on the one hand, treatment
group members who chose not to get treated may not be a random subset of



the experimental sample. On the other hand, the control group members who
receive treatment (or a substitute of treatment) may not be a random subset
of the experimental sample. In this situation, the difference in the means of
the treated group and the control group is no longer an unbiased estimate of
the ATE. In this case, the experimental estimate is referred to as the intent-
to-treatment (ITT) parameter and is interpreted as the mean effect of offering
the treatment. While ITT is identified by the random assignment, the
identification of ATE requires more assumptions.

For a situation with some treatment units not complying with the treatment
(dropout or incomplete take-up) and all control units complying (no control
substitution or control contamination), let R be an indicator for randomization
status with R = 1 for those who were randomly assigned to get treated and
R = 0 otherwise. Let D = 1 be an indicator for actual receipt of the treatment
for those assigned to treatment and D = 0 otherwise. Let D* be a latent
variable for those in the control group with D* =1 indicating that the
individual would have received the treatment if they were in the treatment
group, and D* = 0 otherwise. An unbiased estimate of the impact of the
actual receipt of the treatment requires an additional assumption that the mean
outcome of those who did not take up treatment in the treated group is the
same as that of the control group analog:

E(Y;JR=1,D =0) = E(Y;|R = 0,D* = 0)

Under this assumption we can estimate the Bloom estimator. It scales up the
experimental difference estimate by the fraction of the treatment group which
receives treatment Pr (D = 1|R = 1):

E(YIR = 1) — E(%IR = 0)
Pr(D=1R =1)

ABloom=

When everyone in the treatment group receives the treatment, the Bloom
estimator equals the experimental estimate.

In the context of control substitution, we need an additional assumption. Let
S be an indicator for control group members receiving treatment, with S = 1
for those who received the substitute treatment and S = 0 for those who did



not receive any treatment. To get an unbiased estimate, we need to assume
that, for those who are getting treated, the impact for the program being
evaluated is the same as the impact for the substitute programs. Formally:

E(Yy— YulD=1,R=1)=E{; — YulS=1,R=0)

In the case of cross-over, or control contamination, where some control group
gets treated through the experimental program being evaluated and S = D,
this assumption is easier to hold. Under this assumption, we can estimate a
Wald estimator, which identifies the mean impact on those receiving the
treatment in either treatment of control groups:

E(Y;IR=1) —E(Y|R = 0)

AWald=
Pr(D=1R=1)—Pr(D = 1|R = 0)

With heterogeneous treatment effects, the Wald estimator gives the impact of
receiving treatment for those who comply with treatment (compliers), also
known as the Local Average Treatment Effect, or LATE.

The Wald estimate is the Instrumental Variable (IV) estimate which can be
obtained in a two-stage estimation procedure, where, in the first stage, the
actual treatment indicator D is regressed on the assignment to treatment R,
and in the second stage, the outcome indicator is regressed on the prediction
of D from the first stage:

Di :aRi+Xiy+vi
Yi=6Di+Xi:8+£i

The reduced form estimation of the outcome on the assignment to treatment
is the ITT estimate:

Yi =/1RL+XL9+I"'1
Considering that R and D are binary, and there are no covariates, Angrist,

Imbens, and Rubin (1996) showed that under (i) Stable Unit Treatment VValue
Assumption (SUTVA), (ii) Random treatment assignment, (iii) exclusion



restriction, (iv) instrument condition, and (v) monotonicity assumption, the
IV estimator corresponds to the following ratio:

E(YlR = 1) - E(YlR = 0) _ YR=1 - YR=0

— = = — AWald
PI‘(DlR = 1) - PI‘ (DlR = 0) DR=1 - DR=O

Which is the Wald estimator in case of constant treatment effects, and LATE
in case of heterogeneous treatment effects.

1.5 Limitations of experimental evaluations

The experimental evaluations have numerous advantages. First, they “solve”
mathematically the selection problem to produce unbiased estimates of
program effects. Second, they allow to observe the results of new
interventions that were not previously implemented.® Finally, experimental
evaluation results are easy to convey to larger audiences and policymakers
because of the simplicity of the estimator, which is just a difference in means.

However, experimental evaluations also present limitations. The problems
with experiments can be classified into three groups: (i) implementation
problems, (ii) threats to internal validity, (iii) threats to external validity.

The implementation problems are usually closely related to ethical
considerations. Ethical issues in experimental evaluations may arise, for
Instance, in situations when the experimental treatment can be potentially
harmful. On the other hand, if the program is perceived as beneficial, the
administrators or policymakers might find it difficult to deny the treatment to
a group of potential beneficiaries selected at random. To overcome this
problem, experimental evaluations can be implemented at the pilot stage of
program implementation when the exclusion of the control group is
temporary, and everyone is offered the treatment once the pilot is evaluated.
It is also worth noting that in the context of over-subscription, i.e., a situation
in which the number of potential beneficiaries is larger than the number of

® Sometimes nonexperimental evaluations are also called “observational studies.”

10



possible treated individuals, randomizing treatment assignment is probably
the fairest way to allocate the program across potential beneficiaries.*

Regarding internal validity, the most common threats include imperfect
compliance and substitution. This is usually addressed by estimating the
LATE parameter, as discussed in the previous section. Another problem that
may arise is attrition. It occurs when not all program participants report on
the outcomes and the attrition rates differ by treatment status. Inverse
probability weighting and estimation of treatment effect bounds are some
methods to address non-random attrition.! Other threats are related to
participants’ behavioral responses, which happen because people may change
their behavior if they perceive that they are being observed. These effects are
known as the Hawthorne and John Henry effects.?

Recently, more emphasis is being placed on the external validity of
experimental evaluation estimates (Achie, 2019). The main criticism is that
the results obtained in a specific population group would not necessarily
generalize to other populations or other contexts. In addition, when
replicating the program in a different country, in a different population group,
or scaling up, it is usually necessary to introduce changes in the program
design to address the specificities of the new context. Also, the estimated
program effect is a partial equilibrium effect and does not reflect the general
equilibrium effect of a policy change.'® Arguably, larger experiments may
displace non-participants and full-scale programs may change relative prices.

In sum, experimental evaluations have limitations and recently have received
criticism.** However, as of today, experimental evaluation is still the best we
have for identification of causal program effects. As it was shown in the
seminal research by Lalonde (1986), it may be challenging to find non-
experimental evaluations able to produce unbiased estimates of program
effect.’®> While it is true that experiments cannot answer all questions, it is

0 This is the context of the experimental evaluations presented in this dissertation in
Chapter 2 and Chapter 3.

11 See, e.g., Anderson et al. (2021).

12 See, for example, Sedgwick and Greenwood (2015), and Saretsky (1972).

13 Heckman, Lochner, and Taber (1998).

14 See, e.g., Teele (2014).

15 For a recent review see the footnote nine in Harding et al. (2021).
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also the fact that many other impact evaluation techniques are even not able
to produce an ATE estimate. Moreover, the limitations receiving criticism are
not only circumvented to experiments, but they are also a problem in other
impact evaluation methods. For that reason, regardless of the impact
evaluation method at use, researchers should be aware of these limitations,
try to anticipate them and mitigate their consequences to the extent possible.

1.6 Chapter summaries

This dissertation is organized as follows. The first introductory chapter
presents the argument for rigorous evidence necessary for better decision-
making. It also lays out the methodological framework for the empirical work
presented in this dissertation.

Chapter 2 presents the results of the large-scale experimental evaluation of
Improvements to center-based childcare in Bolivia through the “Grow Well
to Live Well” (GWLW) program, implemented by the Bolivian Ministry of
Health. The main contribution of this study is that it provides evidence from
a randomized controlled trial implemented at a large scale in disadvantaged
communities in a developing country with limited institutional capacity. The
main results of the study show that the program was highly effective in
improving the quality of childcare centers, with investments in process
quality explaining most of the improvements and at a substantially lower cost
when compared to the investments in infrastructure. The departures from the
program protocol in the assignment of the infrastructure investment treatment
resulted in the impossibility of estimating causal effects of these investments.
The study leaves a promising opportunity for future research, specifically for
evaluating the program impact on child development. Given the large
changes in the childcare quality indicators, there is a potential for the program
also to generate impacts on child development.

Chapter 3 presents the results of the experimental evaluation of the second
operational arm of the GWLW, which consisted of a home-visiting program
for children under three years of age. This study is an impact evaluation that
uses an experimental method exploiting the random assignment of
neighborhoods and communities into treatment and control groups. The main
finding of the evaluation is that the program achieved significant and large
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impacts on child development in rural areas measured by a comprehensive
set of child development scales. These results were most likely realized
through improved caregiver-child interactions and better cognitive
stimulation practices attributable to the program. A very low program take-
up in urban areas resulted in no observed effects on children in urban
households. This evaluation provides an important case for a better
understanding of the intervention context and implementational challenges
so that they can be accounted for when scaling up or designing new programs.

Chapter 4 presents the results of a quasi-experimental evaluation of an
important educational policy: an increase in educational spending. The policy
Impact is estimated using administrative data from Brazil. The main
contribution of this study is that it provides causal IV estimates for
identification of the effect of unrestricted or unconditional educational
spending on student achievement. The identification strategy in this
evaluation exploits the allocation mechanism of the federal transfer in which
the amounts transferred to Brazilian municipalities depend on their
population size, generating exogenous jumps in transferred funds at specific
population thresholds. The main finding of this study is that the increase in
discretional educational spending translates into an increase in student scores.
The study did not find evidence that improvements in test scores were
achieved through improvements in traditional school inputs, such as class size
or teacher level of education. A comparison of costs with other interventions
aiming at increasing student achievement shows that the evaluated policy is
a relatively cost-effective way to improve student outcomes but not the most
efficient.

Chapter 5 presents the general conclusions drawn from the studies included
in this dissertation. It also outlines the policy implications stemming from the
studies’ results, discusses some practical challenges of impact evaluation
implementation, and identifies potential areas for future research. The chapter
also reflects on the need for evaluating already implemented policies and
programs, making a point that quasi-experimental evidence generated by
observational studies is as needed as experimental evaluations of the
interventions amenable to randomization. The chapter also emphasizes
developing rigorous evidence on the program costs for informing policy
decisions. The main message of the chapter is that finding solutions to make
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skills development interventions more effective, reduce costs, or both, would
help developing countries channel resources in the right directions to improve
human capital and foster development.
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Chapter 2: The Effects of Improving Child Care Centers: Evidence from
Bolivia

2.1 Introduction?®

High quality center-based childcare and other forms of early childhood
interventions are central to children’s psycho-social and cognitive
development and have proved to generate important lifelong gains (Garcia et
al., 2021; Gertler et al., 2021). However, public policies that effectively
improve the quality of interactions between caregivers and children in
daycare centers have proven elusive. This challenge is particularly acute in
low-income settings where qualified personnel are scarce. And while much
of the literature has focused on the effects of expanding childcare or preschool
coverage, there is less evidence on cost-effective ways to boost the quality of
existing services.

This study presents the results of a large scale randomized controlled trial of
Improvements to center-based childcare in Bolivia through the “Grow Well
to Live Well” (GWLW) program, implemented by the Bolivian Ministry of
Health. Public childcare services in Bolivia are implemented and managed by
municipal governments. Prior to the intervention, the average quality of care
in the program centers was 1.25%Y according to the Infant/Toddler
Environment Rating Scale®-Revised Edition (ITERS-R), amongst the lowest
in Latin America (Araujo et al., 2015). Many centers had precarious
infrastructure and were staffed by community caregivers (CCs). CCs were
typically mothers of children attending the center, had no formal training in
child development, and had an average education of less than primary school.

The GWLW program targeted existing childcare centers in poor rural and
suburban communities. The program sought to improve the quality of
services in existing centers, rather than financing construction of new ones.

18 This chapter is based on the impact evaluation of the “Grow Well to Live Well” early
childhood intervention in Bolivia funded by the Inter-American Development Bank (IDB).
The impact evaluation report is published as an IDB Technical Note 1792. This program
was conducted at the IDB under the direction of Julia Johannsen and Sebastian Martinez,
Cecilia Vidal supported the tasks of data collection and acquisition.

17 Pre-program baseline report (Bedregal et al., 2016).
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The program provided new furniture and teaching materials for classrooms,
and CCs were given a structured curriculum as well as training and
supervision. Some centers also received infrastructure upgrades, which
consisted in refurbishing existing buildings or building new facilities when
existing infrastructure was considered inoperable.

Of 158 childcare centers identified in the study areas, the program randomly
assigned 79 centers to treatment and 79 to control. Due to tenancy
requirements unknown at the time of random assignment, only 48 treatment
centers were legally entitled to receive the infrastructure upgrades. These 48
centers received all program components: (i) the infrastructure upgrades, (ii)
personnel support (structure curriculum, training and supervision) and
equipment (furniture, materials). The remaining 31 treatment centers
received only personnel support and equipment.

This study contributes to the literature by providing the evidence from an
experimental evaluation of a center-based childcare program implemented at
scale in vulnerable areas of a developing Latin American country. The
variation stemming from the randomized assignment in treatment and control
groups allows rigorous estimation of the program treatment effects and
identification of the impacts of the program on the quality of childcare. In
addition, this study also provides quasi-experimental evidence and analyzes
the cost-effectiveness of the infrastructure program component compared to
the training and coaching program component, adding to few existing studies
in developing countries evaluating each of these components separately
(Bernal, 2015; Yoshikawa et al., 2015; Ozler et al., 2018; Bernal et al., 2019).
This analysis uses a quasi-experimental variation in intervention components
from the building tenancy requirements to estimate the marginal cost-
effectiveness of infrastructure investments compared to the basic package of
program components consisting of equipment and personnel improvements.
The study also uses various outcome measures of quality, including the
ITERS-R, Arnett Caregiver Interaction Scale (CIS), Knowledge of Infant
Development Inventory (KIDI), and tailored center and personnel
guestionnaires. Finally, the study also contributes to the discussion in the

8 Throughout this study, we refer to the infrastructure component effect and costs as
“marginal”, because the infrastructure upgrades were implemented in addition to the basic
program package.
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literature on the scalability of early childhood interventions (Araujo et al.,
2021), showing that the “cascade” training and supervision model used by
the program can be effective in achieving improvements in childcare quality
in an intervention implemented by community mothers without formal
training in early childhood education.

The main fundings show that the GWLW program was highly effective in
improving center quality with an impact of two standard deviation
improvement in the main quality indicator. Investments in process quality
explain most of the improvements and do so at approximately one-sixth the
cost of marginal investments in infrastructure. These results suggest that,
conditional on minimal infrastructure standards, process-related investments
are highly cost-effective for improving childcare quality. The relevance of
these findings for public policy decisions is highlighted in Egert et al. (2018),
who finds that impacts of process quality are significant predictors of impacts
on child development.

The reminder of this chapter is structure as follows. Section 2.2 discusses the
relevant literature. Next, Section 2.3 presents the intervention and Section 2.4
describes the data and statistical analysis. Finally, Section 2.5 reports the
results and Section 2.6 concludes. Some additional results and information
are presented in Section 2.7 that acts as an Appendix.

2.2 Literature review

A growing body of evidence indicates that foundations for healthy and
productive lives are formed at the very early age. Inadequate health and
nutrition, parenting practices with limited interactions between parents and
children, home environments with few books, toys and lack of other learning
opportunities, can negatively affect cognitive and socioemotional
development of children. Early developmental deficits can have lifelong
consequences, including lower levels of school attendance and performance,
lower income in adulthood, greater dependence on the health care system and
higher crime rates (Naudeau et al., 2011; Walker et al., 2011). On the other
hand, appropriately designed early childhood interventions can generate
positive and sustainable development results (Engle et al., 2011; Gertler et
al., 2014; Hoddinott et al., 2008). Providing quality center-based childcare is
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particularly relevant for development of vulnerable children born into
disadvantaged families, given the evidence that socioeconomic level of the
household limits child’s possibilities of physical and mental development
from birth (Lozoff et al., 2006; Rubio-Codina et al., 2015; Schady et al.,
2015).

The evidence on the effectiveness of center-based childcare suggests that the
results vary according to the quality of the offered services. In the United
States, evaluations of the high-quality demonstration childcare programs
focused on vulnerable children found positive long-term impacts on health,
education and employment (Campbell et al., 2008; Campbell et al., 2014;
Heckman etal., 2010). On the other hand, evaluations of large-scale programs
where high-quality standards are difficult to sustain found negative effects,
specifically on socioemotional development (Baker et al., 2015; Gupta and
Simonsen, 2010; Herbst and Tekin, 2010). Studies in Asia and Africa found
that center-based interventions can produce small or negligible results if
quality of care is not adequate (Bouguen et al., 2013; Ozler et al., 2018). The
evidence in Latin America is consistent with the international findings,
including mixed results on the impacts on child development of programs
implemented at scale, and also on the health and nutrition status of children
(Berlinski and Schady, 2015; Leroy et al., 2012; Noboa-Hidalgo and Urzla,
2012; Rosero and Oosterbeek, 2011).

This study contributes to the literature by bringing new evidence on the
effectiveness of improving center-based early childhood care quality. The
results are generated from a rigorous experimental evaluation of a program
implemented at scale in disadvantaged areas of a developing country, which
makes them relevant for informing policy decision central for social-
emotional and cognitive development of children in disadvantaged settings
with low institutional capacity.

2.3 Intervention

The GWLW program was established in 2012 with the objective of
promoting child development in low-income populations of the departments
of Chuquisaca and Potosi in Bolivia. The program was implemented by the
Ministry of Health with the support from the Inter-American Development
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bank. The GWLW included three operational arms (1) child stimulation
centers for the treatment of children with developmental delays, (2) a home-
visiting program that promoted caregiver-child interactions through home
visits in communities without alternative childcare services and (3) a program
to improve the quality of existing center-based childcare in communities with
childcare centers. This evaluation focuses on the third operational arm. In
particular, the evaluated intervention financed two main components: (i)
facility infrastructure improvements of existing centers through
refurbishments of buildings or new construction and (ii) equipment and
personnel improvements, which consisted of providing learning materials;
providing or replacing childcare center equipment, such as appliances,
cookware, furniture; training of new and existing personnel; hiring of early
childhood specialist coaches and nutritionists, and guidelines for caregiver-
child interactions and nutrition.

Because the resources of the program were limited, the intervention
prioritized municipalities with higher level of poverty and health needs, and
with eligible health networks for other GWLW program operational arms.
Within the eligible municipalities, a lottery assignment mechanism was
implemented to determine the childcare centers that would receive the
intervention. The randomization was performed in 2012, but the interventions
were implemented between 2015-2018.1° The implementation of the
personnel training and support intervention started in 2015. In this year, about
half of the centers received facilitator and training of caregivers. The number
of centers that received these activities increased in 2016 and reached 100%
in 2017. From the beginning of the program, the support of nutritionist was
not provided in all centers and was discontinued in 2018. The infrastructure
upgrades were delivered between May 2017 and June 2018, and most of them
were completed by August 2017. The equipment upgrades were implemented
between July and December of 2017.

The program was implemented as a Randomized Controlled Trial. In total,
375 childcare centers from 36 municipalities were eligible to participate in
the study. Within each program municipality, eligible centers were randomly

19 The first years of the program were focused on establishing cooperation agreements with
local communities and developing program guidelines and manuals based on the Reach Up
methodology (Gertler et al., 2014; Walker et al., 2011).
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assigned the order of entrance to the program and listed accordingly. Initially,
based on available program resources, 85 childcare centers on top of the list
were assigned to the treatment group and 85 centers from the bottom of the
list were assigned to the control group. The centers listed in between
treatment and control group formed the pool of replacement centers. In
municipalities with only one childcare center the centers were directly
assigned to receive the intervention and were excluded from the study
sample. Randomization was carried out through public lotteries witnessed by
the local authorities and the representatives of the Bolivian Ministry of Health
to ensure transparency and legitimacy. Before program implementation, 18
noneligible centers were removed from the treatment group and substituted
by 12 centers from the replacement pool. The final study sample comprised
79 centers in the control group, which did not receive any intervention, and
79 centers in the treatment group, which received either only personnel and
equipment improvements (31 centers), or personnel, equipment and
infrastructure upgrades (48 centers). The flow of centers’ assignment to
treatment is shown on Figure 2.1.

Figure 2.1: Flow of participating centers included in the study
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All 79 treated centers received the personnel and training improvements. Due
to tenancy requirements unknown at the time of random assignment, only 48
treatment centers were legally eligible to receive the infrastructure upgrades.
These 48 centers received all program components: (i) the infrastructure
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upgrades, (ii) personnel support (structure curriculum, training and
supervision) and equipment (furniture, materials). The remaining 31
treatment centers did not comply with the legal tenancy requirements and
received only personnel support and equipment. In this study, we refer to the
centers that received infrastructure upgrades as beneficiaries of the
“infrastructure” component of the program. The remaining centers are
referred as beneficiaries of the “soft” program component.

2.4 Data and method

2.4.1 Data

The data used in this evaluation was retrieved from the program
administration records, and the baseline and the endline surveys. The
program administration data includes the information on the eligible and
beneficiary childcare centers, including their names, center municipality,
assignment to treatment or control group, the program take-up. The baseline
survey was administered between February and May 2014 in a random
sample of 100 childcare centers (50 treatment and 50 control centers), with
the purpose of providing baseline information of the targeted population and
checking the validity of the experimental design.?> To measure childcare
quality, the survey included three main instruments: ITERS-R (Harms et al.,
2006), CIS (Arnett, 1989), and the Caregiver Observation Form and Scale
(COFAS) (Fiene, 1984). In addition, the survey included a tailored center and
personnel questionnaire inquiring about center’s infrastructure, availability
of equipment and learning materials, and characteristics of the center’s
operations and personnel. For a random sample of children in each center, the
survey also measured child development through the development screening
instrument Ages and Stages Questionnaire (ASQ-I111).2

The follow-up survey was carried out between April and May 2018 with the
objective of evaluating GWLW program effects on childcare quality.
Because the time span after implementation of some of the program
interventions was too short, the follow-up survey did not evaluate child

20 The findings from the baseline survey are presented in Bedregal et al. (2016).
2L https://agesandstages.com/products-pricing/asq3/ (accessed on December 23, 2021).
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development outcomes.?? The follow-up survey was intended to be
implemented in all centers assigned to the treatment group and the equivalent
number of control centers, identified using the random ordering of the
experimental design. Centers from two municipalities were excluded from
the follow-up survey due to lack of variation in treatment within
municipality. The final survey was aimed to reach 69 treatment centers and
69 control centers. 97 centers (68% of 138) were surveyed. The non-response
was due to center closure (6 centers in the treatment group and 31 centers in
the control group) and misreporting of preschools as childcare centers (4
centers in the control group). Valid replacement centers from the replacement
pool were found for 14 non-response control centers. The final follow-up
evaluation sample consisted of 111 centers.

The follow-up survey was similar in its content to the baseline survey and
consisted of a comprehensive set of instruments to evaluate various
dimensions of care quality: ITERS-R, CIS, and KIDI (MacPhee, 1981). All
instruments have adequate internal consistency and concurrent validity
(Lopez Boo et al., 2019; Colwell et al., 2013; Al-Maadadi and Ikhlef, 2015),
and measure structural and process dimensions of quality.? Table 2.1
summarizes these three instruments.

Table 2.1. Main characteristics of quality instruments
Infant/Toddler

Arnett Caregiver Knowledge of Infant

Environment Rating
Scale-Revised Edition

Interaction Scale (CIS)

Development
Inventory (KIDI)

(ITERS-R)

Obijective Measures structural and Measures child-caregiver | Measures caregiver
process aspects of interaction styles knowledge about child
childcare quality development milestones

Age range 0-30 months 36-60 months Up to 3 years

22 On average, the survey was implemented three years after beginning of the personnel
support intervention, nine months after infrastructure investments, five months after the
provision of equipment, and one month after the delivery of learning materials.

2 These were the municipalities Potosi and Ravelo. In Potosi, none of the control centers
were operating, in Ravelo, none of the treatment centers received the intervention.

24 In addition to high internal consistency and concurrent validity, the selection of the
guality instruments also considered the following criteria: (i) suitability for measurement
of center-based quality in a target population of children under 4 years of age; (ii)
availability of evidence of successful implementation in Bolivia or similar contexts; (iii)
possibility to be implemented under time and training limitations.
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Dimensions/ 1. Space and 1. Sensitivity 1. Single dimension
scales Furnishings 2. Harshness

2. Personal Care 3. Detachment

Routines 4. Permissiveness

3. Listening and Talking

4. Activities

5. Interaction

6. Program Structure

7. Parents and Staff
Type of variables | Structural and process Structural and process Structural
Number of items | 39 26 58

Assessment Observation checklist Observation checklist Interview with caregiver

method and interview with center and center coordinator
coordinator

Scoring scale 1 (inadequate quality)to | 1to4 0-1
7 (excellent quality)

Application time | 3.5 hours 1.5 hours 15 minutes

Days of 3 1 1

specialized

training

Source: Lopez Boo et al. (2016) and Lopez Boo et al. (2019).

The ITERS-R has seven dimensions, one of which focuses on structural
aspects of quality (“Space and Furnishings”), while the other six are related
to process aspects of quality. Particularly, “Interaction” dimension measures
Interactions between children and caregiver (Lopez Boo et al., 2016). The
ITERS-R data was collected through direct observations of the center’s
characteristics and activities, as well as through structured interviews with
caregivers and center coordinators. ITERS-R contains 39 items that are
scored from one (inadequate quality) to seven (excellent quality). Each
dimension score is computed as the average score across items within
dimension. The overall ITERS-R score is the average score across seven
dimensions.

The CIS instrument is mainly used to measure the quality of caregiver-child
Interactions. It is a checklist of 26 items evaluating four interaction styles of
caregivers: sensitivity, harshness, detachment, and permissiveness. The
evaluation is based on the frequency of certain caregiver behaviors. Each item
of the instrument corresponds to a specific behavior and is scored on a scale
between one (never observed) and four (very much observed). Each
interaction style score is computed as the average of the corresponding
behavior item scores.
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The KIDI instrument was implemented to identify the level of knowledge of
caregivers of the developmental processes and standards of children’s
behavior. The KIDI inventory contains 58 statements about parental
practices, developmental norms and milestones. The caregivers are asked to
indicate whether they agree, disagree or are unsure about the statements. The
incorrect responses are scored zero and correct responses are scored one. The
final score is the proportion of the correctly answered statements.

In addition to the instruments described above, the follow-up survey included
a tailored questionnaire administered to center coordinators. The
questionnaire included modules that provided complementary information on
the center organization (number of children, group composition, child-
caregiver ratios); administrative functions (planning, monitoring and
communication with parents); access to basic services; physical
infrastructure; and personnel (education, experience, type of contract, level
of satisfaction).

Both, the baseline and the follow-up surveys were carried out by a specialized
data collection firm with monitoring by the external independent data quality
assurance consultant. The survey protocol obtained the Institutional Review
Board authorization from the National Committee of Bioethics.

2.4.1 Method

This study uses the randomization design of the program as the key feature
that allows to identify the impacts. Given the experimental design in which
childcare centers were assigned to the treatment and the control groups based
on the random lottery order, the identification strategy is based on
comparison of the results between centers in the treatment group and control
group. The effects are estimated in the reduced from specification, where the
outcome indicator is regressed on the assignment to treatment indicator and
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municipality (treatment assignment strata) fixed effects.?® This estimation
allows to identify the Intent-to-treat (ITT) effect parameter.2®

Specifically, we estimate the following equation:
Yj=a+ BT+yi+e; (1)

Where Y;; is the outcome variable for a childcare center i in municipality j,
T;; is the indicator of assignment to treatment equal to one if a childcare center
was assigned to receive the program and zero if a childcare center was
assigned to the control group, «a is the intercept, y; is the municipality-specific
fixed effect, ¢;; is the error term. The parameter of interest is 8, which

measures the ITT effect on the outcome variable between treatment and
control group.

In addition, to explore the differential association of the program’s
infrastructure component, we estimate the specification where the
infrastructure component indicator is interacted with the assignment to
treatment indicator. For this purpose, we estimate the following equation:

YVj=a+ BT +BT*lij+y+e; (2

Where [;; is the indicator that childcare center i in municipality j received the
infrastructure component of the program and T;; = I;; is the interaction
between the indicator of the assignment to treatment and the indicator of the
infrastructure component. The parameters of interest are § and f,;, which
measures the association between the outcome variable and the soft program

component, and the marginal contribution of the infrastructure component,

% The municipality-specific fixed effect is included because, in the case of this study, the
probability of the center to be in the treatment group and control group across municipalities
is not the same (Raudenbush et al., 2012).

% In the absence of selective attrition, the ITT effect parameter is an unbiased estimate of

the average treatment effect (ATE). In the context of the present evaluation, there are
indications of non-random attrition with better centers remaining in the control group at
follow-up, as well as non-perfect compliance (see Johannsen et al. [2019a] for details). In
this context, ATE cannot be recovered from the reduced form, and the estimated ITT
parameter is the lower bound of the program effect.
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respectively. In all regressions estimated for this study, the standard errors
are robust and not clustered at the municipality level, as the randomization
was done at the center, not at the municipality level (Abadie et al., 2017).

Finally, the analyses are complemented with the cost-effectiveness analysis
of the program soft component and marginal contribution of the infrastructure
component. To this end, first, the average per center cost of the soft program
component and the average per center cost of the infrastructure program
component are computed. Then, the estimate of g from equation (2) is used
to compute the cost-effectiveness ratio for the soft intervention component,
and the estimate of g, from equation (2) is used to compute the cost-
effectiveness ratio for the marginal contribution of the infrastructure
component. Then, the quotient between the former and the latter ratios are
computed to compare the cost-effectiveness of the soft program component
and the marginal contribution of the infrastructure component. In the results’
tables, the cost-effectiveness analysis results are shown only when the
estimates of 8 and 3, are statistically significant at 1%-10% level of statistical
significance. All program costs are expressed in 2018 US dollars.

2.5 Results

2.5.1 Baseline balance tests

As discussed in Section 2.4, the baseline survey collected the information
only for a sample of 100 centers. During the intervention, some centers were
excluded from the study and some centers closed. For that reason, the number
of centers for which the baseline and the follow-up survey information is
available is 65 (42 centers in the treatment group and 23 centers in the control
group). To verify the experimental design validity, we perform the balance
tests in pre-treatment characteristics of the centers for this sample. The results
are reported in Tables 2.7.A1-2.7.A5 of Appendix 2.7.A.

The balance test results show that centers in treatment and control groups are
similar in baseline care quality. The means are not statistically different in
any of quality measure (Tables 2.7.A1-2.7.A3) and no statistically significant
differences are observed in child development (Table 2.7.A4). There is also
a balance in most indicators from the questionnaire administered to center
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coordinator, except for some administration indicators and the indicators
related to personnel characteristics.

2.5.2 Balance between centers with and without infrastructure component

As mentioned in Section 2.4, not all centers were legally eligible to receive
the infrastructure upgrades. The main reason why some centers did not
receive infrastructure was that they lacked the tenancy requirement, which is
an administrative issue and, a priory, should not be related to center
characteristics. If this is the case, then the infrastructure could be considered
as quasi-randomly assigned. To sustain this assumption, we perform the tests
of balance on observable characteristics of the centers that obtained both
infrastructure and soft program component and the centers that received only
the soft program component. As shown in Appendix 2.7.B, the centers that
received infrastructure and soft component, and the centers that received only
soft component are balanced on observable characteristics at baseline, except
for one ITERS-R dimension, one CIS interaction style and some caregiver
indicators. While we cannot assert that there were no factors that could have
influenced the receipt of the infrastructure component, the general balance on
the observed characteristics between centers with and without infrastructure
component corroborates the assumption that the receipt to the infrastructure
upgrades was quasi-random.

2.5.2 Program effects on quality

The estimations of the program impact on quality indicators are reported in
Tables 2.2 - 2.5. We begin by presenting the effects on quality measured by
ITERS-R and CIS instruments. Then, we present the effects of the program
on the personnel indicators from the questionnaire and caregiver knowledge
measured by KIDI inventory. Finally, we present the results for the effects of
the program on center infrastructure, service and administration indicators.

All results’ tables have the same structure. The columns indicate the outcome
for which the effect is estimated. In Panel A we show the estimates of the 5
from equation (1), in Panel B we show the estimates of § and g, from
equation (2), in Panel C we show the results of the cost-effectiveness analysis,
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and in Panel D we report the control group mean, standard deviation, and the
sample size.

2.5.2.1 ITERS-R

The ITERS-R measures the structural and process quality in childcare centers
and is the main outcome indicator in this study. As shown in Table 2.2, the
program effect on the average ITERS-R score is 0.88 points. This effect is
large (two standard deviations or 62% increase with respect to the control
mean) and statistically significant at 1% level of statistical significance. The
analysis of the differential association between the infrastructure component
and the average ITERS-R score shows that the effect of the program is largely
driven by the soft program component, with the estimate of 0.68 ITERS-R
points. The estimate on the interaction between the infrastructure component
and the assignment to treatment indicator is about twice as small and is only
marginally statistically significant (10% level). The cost-effectiveness
analysis shows that an increase in the care quality by one ITERS-R point
produced by marginal infrastructure upgrades requires more than six times
(1/0.15) as much resources as the same increase produced by personnel
support and equipment upgrades.

The first dimension of the ITERS-R instrument “Space and Furnishing” is the
only ITERS-R indicator measuring structural aspects of care quality. All
other dimensions measure process aspects. For this dimension we find that
the program had a very large and highly statistically significant effect of
1.158 points. In this dimension, the contribution of the infrastructure
component to the overall effect is almost twice as large as the contribution of
the soft component, with coefficient estimates in panel B of 1.04 points and
0.625 points, respectively. The analysis of cost-effectiveness shows that it is
about two times (1/0.44) as costly to increase the ITERS-R score by one point
in this dimension implementing marginal infrastructure upgrades then by
implementing personnel support and equipment upgrades.

The remaining six dimensions of ITERS-R are the indicators measuring
process aspects of quality. In all six indicators we find large and statistically
significant effects ranging from 0.448 for “Parents and Staff” dimension to
1.51 for “Interaction” dimension. In all dimensions except for “Personal Care
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Routines” we find that the effects are mostly driven by the soft intervention
component. For “Personal Care and Routines” dimension we find that the
estimate on the interaction between the infrastructure component and
assignment to treatment is statistically significant at 1% level of statistical
significance and is almost four times as large as an estimate for the soft
intervention component. This result can be explained by the fact that the items
in this dimension evaluate the aspects of the process quality which are highly
dependent on the quality of infrastructure and materials.?” The cost-
effectiveness analysis for this dimension shows that the cost of increasing
ITERS-R score by one point is roughly the same for the soft program
component and for additional infrastructure upgrades (1/1.01).

2" The items include adequate space and materials for delivery of meals, availability of
suitable space for sleep and diaper change, sufficient conditions for adequate hygiene
practices and essential medicines supply, deficiencies in the infrastructure that may result
into health and life risk of children, availability of necessary equipment to provide
adequate response in case of emergency.
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Table 2.2: Results for ITERS-R, average and by dimension

(1) ) ®3) (4) (5) (6) () (8)
Average Space and Pecrls;zal L'S;if;'ng Activities Interaction Program Parents
g Furnishings Structure and Staff

Routines Talking

Panel A: Program Effect

ITT=1 0.881*** 1.158*** 0.494*** 1.136%** 0.762*** 1.510%** 1.391***  0.448***
[0.127] [0.135] [0.114] [0.236] [0.126] [0.308] [0.219] [0.114]

Panel B: Differential

Soft (ITT=1) 0.678*** 0.625*** 0.167* 1.069*** 0.559*** 1.390*** 1.309*** 0.424**
[0.174] [0.146] [0.086] [0.311] [0.166] [0.435] [0.309] [0.185]

Infrastructure

(ITT*Infrastructure) 0.396* 1.040*** 0.638*** 0.131 0.398* 0.234 0.160 0.048
[0.222] [0.230] [0.180] [0.369] [0.217] [0.567] [0.405] [0.214]

Panel C: Cost Effectiveness

Soft C/E 56,925 61,756 231,051 36,107 69,138 27,784 29,498.95 9,1046.64

Infrastructure C/E 368,900 140,387 228,608 - 366,998 - - -

Soft/Infrastructure 0.15 0.44 1.01 - 0.19 - - -

Panel D: Summary Statistics

Control mean 1.423 1.608 1.133 1.687 1.181 2.021 1.326 1.423

Control SD (0.425) (0.493) (0.340) (0.954) (0.331) (1.210) (0.682) (0.405)

N 111 111 111 111 111 111 111 111

Notes: This table presents estimates (Panels A-C) and statistics (Panel D) for ITERS-R average score and dimensions. Each column corresponds to
a separate regression. In Panel A outcomes are regressed on the assignment to treatment indicator. In Panel B outcomes are regressed on the
assignment to treatment and the interaction of the assignment to treatment and the indicator of infrastructure component interacted with the
assignment to treatment. In Panel C Soft C/E shows the average per center cost of the soft program component divided by the coefficient estimate
on ITT from Panel B, Infrastructure C/E shows the average per center cost of the infrastructure program component divided by the coefficient
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estimate on ITT*Infrastructure. The ratio Soft/Infrastructure is the quotient of the ratios computed above. Maximum and minimum values of the
ITERS-R score (average and in each dimension) are 1 and 7, respectively. The coefficients and standard errors are from OLS regressions that

include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in parenthesis. Statistical significance: *10%,
**5%, ***1%'
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2.5.2.2CIS

The CIS instrument measures structural and process aspects of quality and is
complementary to ITERS-R. The results for this instrument are reported in
Table 2.3. We find that the program increased “Sensitivity” interaction style
of caregivers in treated centers by 0.48 points (22% of the control mean or
70% of the control group standard deviation) and decreased “Detachment”
by 0.51 points (26% of the control mean and 76% of the control group
standard deviation). We do not find program effects on “Harshness” and
“Permissiveness” styles. The coefficient estimates on the interaction between
the infrastructure component and the assignment to treatment indicator in
Panel B are not statistically significant, which means that there is no
differential association between CIS dimensions and infrastructure upgrades.

Table 2.3: Results for CIS interaction styles

1) ) ®3) (4)
Sensitivity Harshness  Detachment Permissiveness
Panel A: Program Effect
ITT=1 0.481*** -0.091 -0.510*** 0.028
[0.142] [0.069] [0.121] [0.086]
Panel B: Differential
ITT=1 0.380* -0.101 -0.406** 0.023
[0.204] [0.079] [0.181] [0.110]
Infrastructure
(ITT*Infrastructure) 0.198 0.019 -0.203 0.010
[0.237] [0.099] [0.195] [0.122]

Panel C: Cost Effectiveness

Soft C/E 101,738 - 95,079 -
Infrastructure C/E - - - .
Soft/ Infrastructure - - - .

Panel D: Summary Statistics

Control mean 2.154 1.558 1.896 2.215
Control SD (0.687) (0.371) (0.666) (0.448)
N 111 111 111 111

Notes: This table presents estimates (Panels A-C) and statistics (Panel D) for CIS
dimensions. Each column corresponds to a separate regression. In Panel A outcomes are
regressed on the assignment to treatment indicator. In Panel B outcomes are regressed on
the assignment to treatment and the interaction of the assignment to treatment and the
indicator of infrastructure component of the program. In Panel C, Soft C/E shows the
average per center cost of the soft program component divided by the coefficient estimate
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on ITT from Panel B, Infrastructure C/E shows the average per center cost of the
infrastructure program component divided by the coefficient estimate on ITT*
Infrastructure. The ratio Soft/Infrastructure is the quotient of the ratios computed above.
Maximum and minimum values of CIS score are 1 and 4 in each dimension. The
coefficients and standard errors are from OLS regressions that include municipality fixed
effects. Robust standard errors are in brackets, standard deviations are in parenthesis.
Statistical significance: *10%, **5%, ***1%.

2.5.2.3 KIDI and Caregiver indicators

In this section we present the results for caregiver knowledge measured by
the KIDI inventory and the caregiver indicators from the personnel
questionnaire. The results are presented in Table 2.4. For KIDI inventory
score we find that the program had positive and statistically significant effect
at 1% level of statistical significance increasing knowledge of caregivers by
0.069 points (14% of the control mean or 75% of the control group standard
deviation). We do not find differential association between KIDI score and
the infrastructure component of the program.

For caregiver indicators retrieved from the personnel questionnaire we find
that the program had marginally statistically significant effects (10% level of
statistical significance) on satisfaction of caregivers and on receiving
training. The effect estimates on receiving feedback and on the aggregated
Caregiver index?® are 0.163 and 0.121, respectively. Both estimates are
statistically significant at 1% level of statistical significance. We find large
and statistically significant differential association between the infrastructure
component and receiving training, and marginally (10% statistical
significance) differential association for the Caregiver index.

Table 2.4: Results for KIDI score and Caregiver indicators

D) ) 3) (4) (5)
KIDI Is Received Received Caregiver
satisfied=1  training=1  feedback=1 Index
Panel A: Program Effect
ITT=1 0.069*** 0.113* 0.130* 0.163*** 0.121***
[0.024] [0.058] [0.076] [0.062] [0.037]

Panel B: Differential

28 Caregiver Index is the average of the proportions of caregivers in the center who (i)
report being satisfied with their work; (ii) work with the contract; (iii) receive feedback on
their work; (iv) had training in child development in the last 3 years.
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Soft (ITT=1) 0.064* 0.161** -0.102 0.155* 0.071

[0.033] [0.066] [0.097] [0.088] [0.052]
Infrastructure
aTT* 0.008 -0.086 0.415*** 0.014 0.097*
Infrastructure)

[0.040] [0.081] [0.112] [0.114] [0.054]
Panel C: Cost Effectiveness
Soft C/E 599,392 239,747 - 249,407 -
Infrastructure
C/E - - 351,872 - 1,499,357
Soft/
Infrastructure i ) ) )
Panel D: Summary Statistics
Control mean 0.486 0.823 0.602 0.750 0.669
Control SD (0.092) (0.384) (0.492) (0.435) (0.223)
N 88 176 172 176 111

Notes: This table presents estimates (Panels A-C) and statistics (Panel D) for KIDI score
and Caregiver indicators. Each column corresponds to a separate regression. In Panel A
outcomes are regressed on the assignment to treatment indicator. In Panel B outcomes are
regressed on the assignment to treatment and the interaction of the assignment to treatment
and the indicator of infrastructure component of the program. In Panel C Infrastructure C/E
shows the average per center cost of the soft program component divided by the coefficient
estimate on ITT from Panel B, Infrastructure C/E shows the average per center cost of the
infrastructure program component divided by the coefficient estimate on
ITT*Infrastructure. The ratio Soft/Infrastructure is the quotient of the ratios computed
above. The unit of observation in regressions in columns (1) and (5) is a center. The unit of
observation in regressions in columns (2), (3) and (4) is a caregiver. Maximum and
minimum values for KIDI score are 0 and 1. The outcomes in columns (2), (3) and (4) are
binary indicators. Caregiver Index is the average of outcomes in columns (2), (3) and (4) at
the center level (see Appendix 2.7.D for details). The coefficients and standard errors are
from OLS regressions that include municipality fixed effects. Robust standard errors are in
brackets, standard deviations are in parenthesis. Statistical significance: *10%, **5%,
***1%.

2.5.2.4 Infrastructure, service and administration indicators

The results for the infrastructure, service and administration indicators are
reported in Table 2.5. The program had a desirable and statistically significant
effect on several indicators of quality of physical environment of the centers.
The program increased the probability that the center building is in good
condition by 0.381. This effect is very large, 366% of the control mean or
about one control mean standard deviation, and statistically significant at 1%
level of statistical significance. The program also reduced the probability of
the center to be in need of repairs by almost 30 percentage points, which is a
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very important result given that 100% of control group centers need repairs.
For these two indicators we observe large and statistically significant
estimates on the interaction between the infrastructure component and the
assignment to treatment indicator, suggesting that infrastructure upgrades
were relevant for improvements observed in these indicators.

The coefficient estimate on the Construction material index? is also positive
and statistically significant. It shows that the program increased the
proportion of centers built with adequate construction material by 0.156. For
this indicator we do not observe differential association for the infrastructure
component. For the indicators of the availability of electricity, garden and
good illumination, we find that all three indicators are significantly larger in
the group of centers that benefited from the infrastructure component (Panel
B results). However, the overall program effect reported in Panel A is
statistically significant at the conventional 5% level of statistical significance
only for the indicator of garden availability.

The endline survey inquired about availability of the equipment and materials
for learning, such as books, toys, music equipment, among others. By
aggregating these indicators in a composite Learning material index® we find
that the program had a significant impact increasing the presence of these
inputs in the treated centers: the proportion of center coordinators responding
affirmatively to the questions about the presence of each input included in the
aggregate index increased by 0.392, which represents an improvement of
more than 100% with respect to the control mean. We also find statistically
significant differential association between Learning material index and the
infrastructure component of the program. The analysis of cost-effectiveness
shows that the unitary increase in this indicator by adding infrastructure
upgrades is almost eight times (1/0.13) as costly as by implementing the soft

2 Construction material index takes value one if construction materials of roof, floor and
walls are not precarious: roof is made of resistant material which is not wood, straw, mud;
floor is not bare earth or loose bricks, walls are plastered. Construction of this index is
based on the Precarious Toilet Index in Bancalari et al. (2016).

%0 |_earning Materials Index is the proportion of affirmative answers to the following
guestions: the center has at least: 10 books for young children? 3 or more puzzles? Toys
for learning different colors, sizes and shapes? A stereo (radio with CD or recorder) to
listen to music? Material to cut, color, draw, etc.? Toys for children to play and imitate?
Toys to build, such as blocks, cubes, Lego sets, etc.? Balls? Tricycles, wooden horses,
other mountable toys? Musical instruments?
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program component. For Childcare development and monitoring index3! and
Curriculum, training and monitoring indices® we find positive and
statistically significant effects of 0.239 and 0.182, respectively. It is about
five times (1/0.2) less costly to achieve the unitary increase in Childcare
development and monitoring index by implementing the soft component in
comparison to implementing additional infrastructure improvements. We do
not find differential effects of infrastructure upgrades for Curriculum,
training and monitoring index.

31 Childcare Development Monitoring Index is the proportion of affirmative answers to the
following questions: Does the Center have a record of daily attendance of the children?
Does this center periodically record the size and weight of each child? Does this Center
periodically record vaccines received by each child? Does this center periodically record
general health of each child? Does this center periodically record child development? Does
this Center provide information to parents/caregivers about their child development? Does
this Center daily inform parents/caregivers about how was the child’s day?

32 Curriculum, Training and Monitoring Index is the proportion of affirmative answers to
the following questions: Does this Center have an annual staff training plan? Does this
Center have a plan of activities for each room or group? Does this Center plan activities for
each child according to child’s needs? Does this Center have a pedagogical curriculum?
Does this Center have regular evaluations of staff performance? Does this Center have any
rules or regulations on what to do in case a child has an accident or a medical emergency?
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Table 2.5: Results for center infrastructure, service and administration indicators

1) @) ®) @) ®) (6) @) (8) ©9)
Building in - . . Childcare Curriculum,
good Building Construction Good Learning Development  Training and
.. needs Materials Electricity=1 Garden=1 . S Materials S LY
conditions . . illumination=1 Monitoring Monitoring
_ repair=1 Quality Index Index
=1 Index Index
Panel A: Program Effect
ITT=1 0.381*** -0.297*** 0.156** 0.001 0.228*** 0.169* 0.392*** 0.239*** 0.182***
[0.085] [0.063] [0.071] [0.087] [0.081] [0.092] [0.043] [0.044] [0.048]
Panel B: Differential
Soft (ITT=1) -0.010 -0.043 0.089 -0.153 -0.079 -0.086 0.312*** 0.172*** 0.131**
[0.069] [0.045] [0.090] [0.117] [0.066] [0.110] [0.063] [0.059] [0.063]
Infrastructure
3aTT* 0.761*** -0.495%** 0.130 0.299** 0.599*** 0.497*** 0.155** 0.131* 0.100
Infrastructure)
[0.090] [0.107] [0.088] [0.134] [0.104] [0.120] [0.071] [0.078] [0.073]
Panel C: Cost Effectiveness
Soft C/E - - - - - - 123,637 224,918 295,558
Infrastructure C/E 191,669 294,871 - 488,416 243,486 293,561 939,779 1,117,690 -
Soft/Infrastructure - - - - - - 0.13 0.20 -
Panel D: Summary Statistics
Control mean 0.104 1.000 0.792 0.792 0.125 0.583 0.358 0.443 0.427
Control SD (0.309) (0.000) (0.410) (0.410) (0.334) (0.498) (0.299) (0.259) (0.279)
N 111 111 111 111 111 111 111 111 111

Notes: This table presents estimates (Panels A-C) and statistics (Panel D) for center indicators. Each column corresponds to a separate regression.
In Panel A outcomes are regressed on the assignment to treatment indicator. In Panel B outcomes are regressed on the assignment to treatment and
the interaction of the assignment to treatment and the indicator of infrastructure component of the program. In Panel C Soft C/E shows the average
per center cost of the soft program component divided by the coefficient estimate on ITT from Panel B, Infrastructure C/E shows the average per
center cost of the infrastructure program component divided by the coefficient estimate on ITT* Infrastructure, Ratio Soft/Infrastructure is the
guotient of the ratios computed above. See Appendix 2.7.D for description of indices. The coefficients and standard errors are from OLS regressions
that include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in parenthesis. Statistical significance: *10%,

**5%, ***1%.
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2.5.3 Robustness checks and falsification tests

2.5.3.1 Robustness checks

As robustness checks of the main results, we estimate the program effects
including the vector of baseline characteristic. Specifically, we estimate
equations (1) and (2) including the vector of baseline characteristics on which
the baseline sample is unbalanced.® Because not all centers were interviewed
at the baseline, these estimations are done using the sample of 65 centers for
which we have baseline and follow-up survey data. The results are reported
in Appendix 2.7.C. As seen in Tables 2.7.C1 — 2.7.C4, including baseline
characteristics increased the coefficient estimates for the main measures of
care quality, which corroborates that the main ITT estimates (Tables 2.2 —
2.4) are lower bounds of the program effects. ** The effects estimated for the
center infrastructure, service and administration indicators in the sample of
65 centers are qualitatively the same and very similar in values to the
estimates in the sample of 111 centers (Table 2.7.C.4).

2.5.3.2 Falsification tests

The program did not include actions aimed at increasing coverage of care, or
the number of children who enroll and attend childcare centers. As
falsification tests, we estimate the effect of the program on coverage
indicators. The results are reported in Table 2.6. The ITT estimates in the
sample of 111 centers show that the program had negative effect on
enrollment and attendance of children. However, the estimates for these

3 The vector of baseline controls includes the number of classrooms in the center, the
indicator that the center has electricity, the indicator that the center is managed by the
Departmental Government, the indicator that the center receives funding from parents; the
indicator that the center receives funding from NGOs, center operation hours; proportion
of women staff; proportion of staff who receive feedback; proportion of staff who report
being satisfied with their work; caregiver index .

3 Additional robustness checks were performed by estimating the program effects using
the difference-in-difference (DID) estimator and by correcting for non-random attrition
using the inverse probability weights (IPW). The results of these estimations are
gualitatively the same and corroborate that the main ITT results are the lower bounds of the
program effect estimates. The DID and IPW estimation results can be made available upon
request.
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indicators become statistically not significant if pre-treatment characteristics
of centers are included in the estimations (Appendix 2.7.C, Table 2.7.C5).

Table 2.6: Results for coverage indicators

(1) ) €)) 4)
Children Children present Number of Number of
enrolled in the in the classroom classrooms caregivers
classroom
Panel A: Program Effect
ITT=1 -6.271** -4,117** -0.179 -0.519
[2.740] [1.943] [0.147] [0.316]
Panel B: Differential
Soft (ITT=1) -6.549** -4, 755%* -0.224 -0.5627*
[2.538] [2.098] [0.165] [0.304]
Infrastructure
(aTT* 0.543 1.245 0.088 0.014
Infrastructure)
[2.512] [2.206] [0.179] [0.270]
Panel C: Summary Statistics
Control mean 24.229 16.375 1.479 1.938
Control SD (20.355) (13.503) (1.148) (2.453)
N 111 111 111 111

Notes: This table presents estimates (Panels A-B) and statistics (Panel C) for coverage
indicators. Each column corresponds to a separate regression. In Panel A outcomes are
regressed on the assignment to treatment indicator. In Panel B outcomes are regressed on
the assignment to treatment and the interaction of the assignment to treatment and the
indicator of infrastructure component of the program. The coefficients and standard errors
are from OLS regressions that include municipality fixed effects. Robust standard errors
are in brackets, standard deviations are in parenthesis. Statistical significance: *10%, **5%,
***1%.

2.6 Conclusions

The program “Grow Well to Live Well” was implemented with the objective
to contribute to the improvement of development of children under 4 years
through better access and quality of childcare services. The program was
conceived as a pilot intervention in two prioritized departments in Bolivia
(Chuquisaca and Potosi) in order to evaluate the innovative interventions
potentially scalable at the national level. In this study we present the results
of the evaluation of the program components which financed interventions in
childcare centers. The implemented interventions included provision of
materials, development of guidelines and protocols of care, training and
support to personnel through specialized facilitators and nutritionists. Some
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childcare centers also benefited from improvements in physical
infrastructure, which included refurbishment of spaces and, in some cases,
complete reconstruction of the centers.

Our results show that the program increased quality of care in the beneficiary
childcare centers. For the average ITERS-R score we find that the program
improved quality of care by 0.88 ITERS-R points, which is a very large effect
equivalent to an increase by two standard deviations. The disaggregation of
the score in seven ITERS-R subscales shows that the program had important
positive impacts in all dimensions, ranging from 0.448 points in “Parents and
Staff” dimension to 1.158 in “Space and Furnishings” dimension. These
results are remarkable, but they also show that the status quo situation in the
absence of the program demonstrated by the control group mean is grim. For
ITERS-R we also find differential effect of the infrastructure upgrades in
“Space and Furnishings” and “Personal Care Routines” dimensions.

The program had desirable effect on the interaction styles between caregivers
and children measured by CIS instrument, increasing “Sensitivity” of
caregiver by 0.48 points and reducing “Detachment” by 0.51 points. We do
not observe program effects on “Harshness” and “Permissiveness”. The
caregiver knowledge in treated centers also improved by 0.069 (75% of the
control group standard deviation) measured by KIDI inventory. The program
also had statistically significant positive effect on proportion of caregivers
who received feedback and the aggregated Caregiver index. It is worth noting
that these results were achieved for community caregivers (community
mothers or madres comunitarias) who lack formal training in early childhood
education and who were trained and supervised by the professionals hired by
the program. These results suggest that the “cascade” training and supervision
adopted by the program could be a scalable model in the current operational
context in the country, where the municipalities are responsible for hiring
personnel in the centers.

The evaluation results also show that the program had significant effect on
center infrastructure, service and administration indicators. The probability
that the center building is in good conditions increased by 0.381, which is
more than 100% of the control mean. The program also decreased the
proportion of centers in need of repair (by 0.297) and increased the proportion
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of centers built with adequate construction materials (by 0.156). We also find
that the program was effective in increasing the proportion of the centers with
the garden area by 0.228. For all infrastructure indicators except for
“Construction material index”, we find that the infrastructure upgrades were
relevant for achieving observed results. In addition, the program also
improved indicators of service and administration, including availability of
learning materials, childcare and child development monitoring, curriculum
and staff training and monitoring. After controlling for baseline
characteristics, we do not find any increase in coverage indicators, which is
in accordance with the program logic, focused on improvements of quality of
existing care services rather than on increasing care coverage.

In regard to the program components’ cost-efficiency, our analyses show that
moving quality indicators in desired direction by implementing only soft
program component is more cost-effective than by implementing
infrastructure upgrades in addition to the soft component investments. This
result indicates that investments in improvement of curricular components,
training of caregivers and provision of materials, could be a cost-effective
alternative of improving childcare centers quality, which is a relevant insight
for policy decision in resource-constrained settings, such as those faced in
developing countries.

Taken together, these results confirm that a central government program,
designed to support locally run childcare centers, can be highly effective in
improving childcare quality. The findings are also informative for the policy
debate in developing countries on whether to prioritize center coverage or
quality improvements. Our results show that a strong support program
implemented in poorly funded childcare centers can have positive results,
notwithstanding social returns of increasing coverage. An important point to
highlight is a critically low level of centers’ quality in the absence of the
program, which might helped derive the program effects.

Although this evaluation did not measure child development outcomes, the
observed improvements in the indicators of process and structural aspects of
quality give positive indications for the potential achievement of the final
results in children development in the future. The achievement of these long-
term results will critically depend on maintaining or increasing quality
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standards in the centers. The experience of the GWLW program is a valuable
contribution to inform child development policy. Future evaluations of the
centers and their impact on children will show whether the program model is
effective to promote child development in vulnerable populations.

2.7 Appendix

2.7.A Balance tests on the assignment to treatment

42



Table 2.7.A1: Balance in ITERS-R score in centers assigned to treatment and control groups

1) ) ©) (4) (%) (6) ()
. . . Standard N N
Dimensions ITERS-R Mean ITT=1 Mean ITT=0 Difference Error P-value ITT=1 ITT=0
Space and Furnishings 1.133 1.330 -0.197 [0.132] 0.14 42 23
Personal Care Routines 1.028 1.167 -0.139 [0.123] 0.26 42 23
Listening and Talking 1.254 1.261 -0.007 [0.157] 0.96 42 23
Activities 1.092 1.180 -0.088 [0.076] 0.25 42 23
Interaction 1.310 1.348 -0.038 [0.195] 0.85 42 23
Program Structure 1.060 1.145 -0.085 [0.080] 0.29 42 23
Parents and Staff 1.160 1.346 -0.185 [0.124] 0.14 42 23
Average ITERS-R score 1.131 1.251 -0.120 [0.100] 0.24 42 23

Notes: The table shows the results of the balance tests comparing centers observed at the baseline assigned to receive treatment (ITT=1) and centers
assigned to the control group (ITT=0). The estimated difference between these two groups and the associated standard error is in columns (3) and
(4), respectively. Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show
sample size of the subsample of centers assigned to receive treatment and the subsample of centers assigned to the control group, respectively.
Maximum and minimum values of the ITERS-R score (average and in each dimension) are 1 and 7. Statistical significance: *10%, **5%, ***1%.

Table 2.7.A2: Balance in CIS score in centers assigned to treatment and control groups

1) (2) ) (4) (5) (6) (7)

. Mean Mean . Standard P- N N
Interaction styles CIS ITT=1 ITT=0 Difference Error value ITT=1 ITT=0
Sensitivity 1.690 1.874 -0.184 [0.185] 0.32 41 23
Harshness 1.593 1.710 -0.117 [0.160] 0.47 41 23
Detachment 2.811 2.576 0.235 [0.235] 0.32 41 23
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Permissiveness 2.285 2.391 -0.107 [0.102] 0.30 41 23

Notes: The table shows the results of the balance tests comparing centers observed at the baseline assigned to receive treatment (ITT=1) and centers
assigned to the control group (ITT=0). The estimated difference between these two groups and the associated standard error is in columns (3) and
(4), respectively. Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show
sample size of the subsample of centers assigned to receive treatment and the subsample of centers assigned to the control group, respectively.
Maximum and minimum values of the CIS score are 1 and 4 in each dimension. Statistical significance: *10%, **5%, ***1%.

Table 2.7.A3: Balance in COFAS score in centers assigned to treatment and control groups

1) ) ©) (4) (%) (6) ()

. . Mean Mean . Standard N N
Interaction quality and Total score ITT=1 ITT=0 Difference Error P-value ITT=1 ITT=0
Good 0.10 0.17 -0.079 [0.093] 0.40 42 23
Regular 0.07 0.04 0.028 [0.059] 0.64 42 23
Bad 0.10 0.17 -0.079 [0.093] 0.40 42 23
Very Bad 0.74 0.61 0.129 [0.124] 0.30 42 23
COFAS score -231.02 -273.17 42.150 [64.178] 0.51 42 23

Notes: The table shows the results of the balance tests comparing centers observed at the baseline assigned to receive treatment (ITT=1) and centers
assigned to the control group (ITT=0). The estimated difference between these two groups and the associated standard error is in columns (3) and
(4), respectively. Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show
sample size of the subsample of centers assigned to receive treatment and the subsample of centers assigned to the control group, respectively. The
values in columns (1) and (2) are proportions of centers with the interaction quality according to COFAS in all rows but the last one, which shows
COFAS score. The Interaction quality according to COFAS is “Good” if COFAS score is from +30 to +130, “Regular” if scores is from -10 to +29,
“Bad” if score is from -99 to -11 and “Very Bad” if scores is from -1560 to -100. Statistical significance: *10%, **5%, ***1%.
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Table 2.7.A4: Balance in ASQ score in centers assigned to treatment and control groups

1) ) ®3) (4) (5) (6) ()
Dimension II\_I/_I_T_inl II\'I/'I'T'irE) Difference St;r:rdoarrd P-value IT'II\'lz 1 IT'II\'I= 0
Communication (z-score) -0.061 0.071 -0.132 [0.099] 0.19 233 166
Gross Motor (z-score) 0.035 0.054 -0.019 [0.097] 0.84 233 166
Fine Motor (z-score) 0.074 -0.052 0.126 [0.099] 0.20 233 166
Problem Solving (z-score) 0.007 0.134 -0.127 [0.101] 0.21 233 166
Socio-individual (z-score) -0.023 0.063 -0.086 [0.101] 0.39 233 166
Overall (z-score) 0.010 0.077 -0.067 [0.099] 0.50 233 166

Notes: The table shows the results of the balance tests comparing centers observed at the baseline assigned to receive treatment (ITT=1) and centers
assigned to the control group (ITT=0). The estimated difference between these two groups and the associated standard error is in columns (3) and
(4), respectively. Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show
sample size of the subsample of centers assigned to receive treatment and the subsample of centers assigned to the control group, respectively. Z-
scores for all dimensions have been standardized in-sample using all sample as reference. Scores for overall, communication, gross motor, fine
motor, problem solving, and socio-individual dimensions were computed using gquestionnaires adapted from the Ages and Stages Questionnaires,
3rd edition. (ASQ-I111). Statistical significance: *10%, **5%, ***1%.
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Table 2.7.A5: Balance in the observed characteristics of centers assigned to treatment and control group

1) ) ©) (4) (5) (6) ()
. . Mean . . Standard N N
Dimension ITT=1 Mean ITT=0 Difference Error P-value ITT=1 ITT=0
A. Administration
Number of classrooms 1.24 1.78 -0.545* [0.277] 0.05 42 23
Enrollment 18.48 27.17 -8.698 [5.848] 0.14 42 23
Municipal Government is
responsible for center 0.64 0.74 -0.096 [0.120] 0.42 42 23
administration (yes=1)
NGO is responsible for center 0.31 0.13 0.179* [0.102] 0.08 42 23
administration (yes=1)
Center receives funding from 0.21 0.48 -0.264%* [0.124] 0.04 42 23
Department (yes=1)
Center receives funding from 0.93 0.74 0.189* [0.101] 0.07 42 23
children’s parents (yes=1)
B. Childcare and curriculum
h least: 1 ks f
Center has at least: 10 books for—— o 0.39 0.106 [0.125] 0.40 42 23

young children (yes=1)
Center has toys for learning of
different colors, sizes and 0.43 0.52 -0.093 [0.131] 0.48 42 23
shapes (yes=1)

Center has an annual staff
training plan (yes=1)
Center has a pedagogical
curriculum (yes=1)

0.38 0.55 -0.161 [0.134] 0.23 39 22

0.14 0.20 -0.065 [0.108] 0.55 37 20
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Center periodically evaluates

child development (no=1) 0.74 0.88 -0.139 [0.110] 0.21 35 17
C. Infrastructure

Construction Material Index 0.71 0.83 -0.112 [0.107] 0.30 42 23
Building needs repair (yes=1) 1.00 0.96 0.043 [0.043] 0.32 42 23
Center has electricity (yes = 1) 0.55 0.83 -0.278** [0.112] 0.02 42 23
Center has a separated kitchen 071 0.74 0,025 [0.117] 0.83 42 23
(yes=1)

Center has garden or green area 0.17 0.22 -0.051 [0.105] 0.63 42 23
for play (yes=1)

Center has good illumination 0.57 0.48 0.093 [0.131] 0.48 42 23
(yes=1)

D. Caregivers

The highest level of educationis ) . 0.45 0.121 [0.077] 0.12 105 66
incomplete secondary (yes=1)

Received training in early

childhood education (yes+1) 0.43 0.44 0.014 [0.079] 0.86 101 66
Number of years worked inthis —— g5 1.95 0401 [0.449] 0.37 105 65
center

Works with contract (yes=1) 0.54 0.56 -0.018 [0.079] 0.82 105 66
E. Other indicators

Opening hour 8.31 8.02 0.288** [0.135] 0.04 42 23
Closing hour 15.71 16.48 -0.764** [0.309] 0.02 42 23
Number of hours center operates 8.46 -1.052%* [0.404] 0.01 42 23
per day

Proportion of staff who are

women 0.91 0.98 -0.078** [0.033] 0.02 42 22
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Proportion of staff who receive
feedback
Proportion of staff who report
being satisfied with their job
Caregiver Index 0.37 0.55 -0.174** [0.070] 0.02 42 22
Notes: The table shows the results of the balance tests comparing centers observed at the baseline assigned to receive treatment (ITT=1) and centers
assigned to the control group (ITT=0). The estimated difference between these two groups and the associated standard error is in columns (3) and
(4), respectively. Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show
sample size of the subsample of centers assigned to receive treatment and the subsample of centers assigned to the control group, respectively. See
Appendix 2.7.D for details on construction of indices. Statistical significance: *10%, **5%, ***1%.

0.18 0.38 -0.202** [0.100] 0.05 42 22

0.43 0.72 -0.291*** [0.098] 0.00 42 22
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2.7.B Balance tests on the infrastructure component in the sample of centers that received treatment

Table 2.7.B1: Balance in ITERS-R score in treated centers with and without infrastructure

1) (2) ®3) (4) (5) (6) ()
. . Mean Mean . Standard N N
Dimensions ITERS-R Infrastructure=1 Infrastructure=0 Difference Error P-value Infrastructure=1 Infrastructure=0
Space and Furnishings 1.155 1.110 0.045 [0.091] 0.63 22 20
Personal Care Routines 1.045 1.008 0.037 [0.046] 0.43 22 20
Listening and Talking 1.364 1.133 0.230 [0.184] 0.22 22 20
Activities 1.161 1.016 0.145*** [0.053] 0.01 22 20
Interaction 1.409 1.200 0.209 [0.249] 0.41 22 20
Program Structure 1.098 1.017 0.082 [0.080] 0.31 22 20
Parents and Staff 1.221 1.094 0.127 [0.094] 0.18 22 20
Average ITERS-R score 1.188 1.069 0.120 [0.078] 0.13 22 20

Notes: The table shows the results of the balance tests in the sample of treated centers observed at the baseline. Columns (1) and (2) show means
in the sample of centers that received infrastructure component (Infrastructure=1) and centers that did not receive the infrastructure component
(Infrastructure=0). The estimated difference between these two groups and the associated standard error is in columns (3) and (4), respectively.
Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show sample size of
the group that received the infrastructure component and the group that did not receive it, respectively. Maximum and minimum values of the
ITERS-R score (average and in each dimension) are 1 and 7. Statistical significance: *10%, **5%, ***1%.
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Table 2.7.B2: Balance in CIS score in treated centers with and without infrastructure

(1) (2) 3) (4) (5) (6) (7)
Interaction styles CIS Infrasll/rlﬁi?urezl Infrasll/lrﬁz?urezo Difference S'tlgrr]rdoarrd P-value InfrastrIL\chturezl Infrastrlljlcturezo
Sensitivity 1.833 1.540 0.293 [0.208] 0.17 21 20
Harshness 1.593 1.594 -0.002 [0.179] 0.99 21 20
Detachment 2.524 3.112 -0.589** [0.257] 0.03 21 20
Permissiveness 2.286 2.283 0.002 [0.149] 0.99 21 20

Notes: The table shows the results of the balance tests in the sample of treated centers observed at the baseline. Columns (1) and (2) show means
in the sample of centers that received infrastructure component (Infrastructure =1) and centers that did not receive the infrastructure component
(Infrastructure =0). The estimated difference between these two groups and the associated standard error is in columns (3) and (4), respectively.
Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show sample size of
the group that received the infrastructure component and the group that did not receive it, respectively. Maximum and minimum values of the CIS
score are 1 and 4 in each dimension. Statistical significance: *10%, **5%, ***1%.

Table 2.7.B3: Balance in COFAS score in treated centers with and without infrastructure

1 (2) 3) 4) ®) (6) ©)

. . Mean Mean . Standard N N
Interaction quality and Total score Infrastructure=1 Infrastructure=0 Difference Error P-value Infrastructure=1 Infrastructure=0
Good 0.09 0.10 -0.009 [0.093] 0.92 22 20
Regular 0.09 0.05 0.041 [0.080] 0.61 22 20
Bad 0.14 0.05 0.086 [0.090] 0.34 22 20
Very Bad 0.68 0.80 -0.118 [0.137] 0.39 22 20
COFAS score -208.45 -255.85 47.395 [64.000] 0.46 22 20

50



Notes: The table shows the results of the balance tests in the sample of treated centers observed at the baseline. Columns (1) and (2) show means
in the sample of centers that received infrastructure component (Infrastructure =1) and centers that did not receive the infrastructure component
(Infrastructure =0). The estimated difference between these two groups and the associated standard error is in columns (3) and (4), respectively.
Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show sample size of
the group that received the infrastructure component and the group that did not receive it, respectively. The values in columns (1) and (2) are
proportions of centers with the interaction quality according to COFAS in all rows but the last one, which shows COFAS score. The Interaction
quality according to COFAS is “Good” if COFAS score is from +30 to +130, “Regular” if scores is from -10 to +29, “Bad” if score is from -99 to
-11 and “Very Bad” if scores is from -1560 to -100. Statistical significance: *10%, **5%, ***1%.

Table 2.7.B4: Balance in ASQ score in treated centers with and without infrastructure

@) (2 3 4 ®) (6) )

Dimension Mean Mean Difference Standard P-value N N
Infrastructure=1 Infrastructure=0 Error Infrastructure=1 Infrastructure=0

Communication (z-score) -0.009 -0.129 0.120 [0.138] 0.39 131 102
Gross Motor (z-score) 0.019 0.055 -0.036 [0.129] 0.78 131 102
Fine Motor (z-score) 0.059 0.094 -0.035 [0.136] 0.79 131 102
Problem Solving (z-score) -0.084 0.124 -0.207 [0.126] 0.10 131 102
Socio-individual (z-score) -0.032 -0.012 -0.020 [0.138] 0.88 131 102
Overall (z-score) 0.002 0.019 -0.017 [0.137] 0.90 131 102

Notes: The table shows the results of the balance tests in the sample of treated centers observed at the baseline. Columns (1) and (2) show means
in the sample of centers that received infrastructure component (Infrastructure =1) and centers that did not receive the infrastructure component
(Infrastructure =0). The estimated difference between these two groups and the associated standard error is in columns (3) and (4), respectively.
Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show sample size of
the group that received the infrastructure component and the group that did not receive it, respectively. Z-scores for all dimensions have been
standardized in-sample using control group sample as reference. Scores for overall, communication, gross motor, fine motor, problem solving, and
socio-individual dimensions were computed using questionnaires adapted from the Ages and Stages Questionnaires, 3rd edition. (ASQ-I1II).
Statistical significance: *10%, **5%, ***1%.
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Table 2.7.B5: Balance in the observed characteristics of centers with and without infrastructure

1) ) ©) (4) (5) (6) ()
Dimension Mean Mean Difference Standard P-value N N
Infrastructure=1 Infrastructure=0 Error Infrastructure=1 Infrastructure=0

A. Administration
Number of classrooms 1.25 -0.023 [0.167] 0.89 22 20 1.25
Enrollment 18.45 0.050 [2.889] 0.99 22 20 18.45
Municipal Government is
responsible for center 0.64 0.65 -0.014 [0.152] 0.93 22 20
administration (yes=1)
NGO is responsible for center 0.32 0.30 0018  [0.146]  0.90 22 20
administration (yes=1)
Center receives funding from 0.27 0.15 0123  [0.127] 034 22 20
Department (yes=1)
Center receives funding from 0.95 0.90 0.055  [0.082] 051 22 20
children’s parents (yes=1)
B. Childcare and curriculum
Centter has at least: 10 books for 0.32 0.25 0068  [0.142] 0.3 22 20
young children (yes=1)
Center has toys for learning of
different colors, sizes and shapes 0.55 0.30 0.245 [0.151] 0.11 22 20
(yes=1)
Center ha_s an annual staff training 0.47 0.30 0.174 [0.158] 028 19 20
plan (yes=1)
Center has a pedagogical 0.15 0.12 0032  [0.115] 0.78 20 17
curriculum (yes=1)
Center periodically evaluates 0.76 0.72 0042  [0152] 078 17 18

child development (no=1)

C. Infrastructure
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Construction Material Index 0.77 0.74 0.123 [0.143] 0.39 22 43
Building needs repair (yes=1) 1.00 1.00 0.000 [0.000] . 22 20
Center has electricity (yes = 1) 0.64 0.45 0.186 [0.155] 0.24 22 20
Center has a separated kitchen 0.73 0.70 0027  [0.43] 085 22 20
(yes=1)

Center has garden or green area 0.18 0.15 0032  [0117]  0.79 22 20
for play (yes=1)

Center has good illumination 0.68 0.45 0232  [0.153] 0.4 22 20
(yes=1)

D. Caregivers

The highest level of education is 0.35 0.31 0038  [0.093] 068 57 48
incomplete secondary (yes=1)

Received training in early )

childhood education (yes+1) 0.40 0.46 0.057 [0.100] 0.57 55 46
Number of years worked in this 214 0.85 1286%*  [0.490]  0.01 57 48
Works with contract (yes=1) 0.65 0.42 0.232** [0.096] 0.02 57 48
E. Other indicators

Opening hour 8.33 8.29 0.042 [0.145]  0.77 22 20
Closing hour 15.77 15.65 0.123 [0.298] 0.68 22 20
'F:'e“rnégir of hours center operates 7.44 7.36 0081  [0.360]  0.82 22 20
Proportion of staff who are

women 0.93 0.88 0.045 [0.058] 0.45 22 20
Proportion of staff who receive 0.27 0.08 0.183*  [0.096]  0.06 22 20
feedback

Proportion of staff who report

being satisfied with their job 0.45 0.39 0.061 [0.126] 0.63 22 20
Caregiver Index 0.45 0.28 0.170** [0.083] 0.05 22 20
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Notes: The table shows the results of the balance tests in the sample of treated centers observed at the baseline. Columns (1) and (2) show means
in the sample of centers that received infrastructure component (Infrastructure=1) and centers that did not receive the infrastructure component
(Infrastructure =0). The estimated difference between these two groups and the associated standard error is in columns (3) and (4), respectively.
Column (5) shows the P-value from the formal test of the difference in column (3) being equal to zero. Columns (6) and (7) show sample size of
the group that received the infrastructure component and the group that did not receive it, respectively. See Appendix 2.7.D for details on
construction of indices. Statistical significance: *10%, **5%, ***1%.

2.7.C Estimations controlling for baseline characteristics

Table 2.7.C1: Reduced form results for ITERS-R, average and by dimension controlling for baseline characteristics

1) ) ®) (4) (%) (6) (@) (8)
Space and Personal Listening . . Program Parents
Average Furnishings Care and Activities Interaction Structure and Staff

Routines Talking

Panel A: Program Effect

ITT=1 1.153*** 1.524*** 0.737*** 1.376** 0.990*** 2.086*** 1.525***  (.645***
[0.240] [0.235] [0.213] [0.555] [0.193] [0.689] [0.367] [0.224]

Panel B: Differential

Soft (ITT=1) 0.821** 0.716** 0.375 1.140 0.572** 2.010* 1.320** 0.598*
[0.371] [0.314] [0.239] [0.757] [0.266] [1.012] [0.631] [0.326]

Infrastructure

(ITT*Infrastructure) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

Panel C: Summary Statistics

Control mean 1.406 1.609 1.110 1.667 1.197 1.924 1.275 1.416

Control SD (0.310) (0.333) (0.213) (0.865) (0.310) (1.193) (0.398) (0.313)
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N 65 65 65 65 65 65 65 65
Notes: This table presents estimates (Panels A-B) and statistics (Panel C) for ITERS-R average score and dimensions. Each column corresponds to
a separate regression. In Panel A outcomes are regressed on the assignment to treatment indicator controlling for a vector of controls. In Panel B
outcomes are regressed on the assignment to treatment, the vector of controls and the interaction of the assignment to treatment and the indicator
of infrastructure component of the program. The vector of controls includes variables on which the baseline sample is unbalanced: the number of
classrooms in the center, the indicator that the center has electricity, the indicator that the center is managed by the Departmental Government, the
indicator that the center receives funding from parents; the indicator that the center receives funding from NGOs, opening time, closing time, total
hours of operation; proportion of women staff; proportion of staff who receive feedback; proportion of staff who report being satisfied with their
work; Caregiver index. All regressions include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in
parenthesis. Statistical significance: *10%, **5%, ***1%.

Table 2.7.C2: Reduced form results for CIS interaction styles controlling for baseline characteristics

1) ) @) (4)
Sensitivity Harshness Detachment Permissiveness
Panel A: Program Effect
ITT=1 0.621*** -0.097 -0.587*** -0.024
[0.197] [0.103] [0.171] [0.143]
Panel B: Differential
ITT=1 0.462* -0.088 -0.489** -0.081
[0.269] [0.116] [0.222] [0.173]
Infrastructure (ITT*Infrastructure) 0.290 -0.017 -0.179 0.104
[0.280] [0.114] [0.203] [0.151]
Panel C: Summary Statistics
Control mean 2.104 1.536 1.913 2.246
Control SD (0.610) (0.400) (0.725) (0.515)
N 65 65 65 65

Notes: This table presents estimates (Panels A-B) and statistics (Panel C) for CIS dimensions. Each column corresponds to a separate regression.
In Panel A outcomes are regressed on the assignment to treatment indicator controlling for a vector of controls. In Panel B outcomes are regressed
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on the assignment to treatment, the vector of controls and the interaction of the assignment to treatment and the indicator of infrastructure component
of the program. The vector of controls includes variables on which the baseline sample is unbalanced: the number of classrooms in the center, the
indicator that the center has electricity, the indicator that the center is managed by the Departmental Government, the indicator that the center
receives funding from parents; the indicator that the center receives funding from NGOs, opening time, closing time, total hours of operation;
proportion of women staff; proportion of staff who receive feedback; proportion of staff who report being satisfied with their work; Caregiver index.
All regressions include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in parenthesis. Statistical
significance: *10%, **5%, ***1%.

Table 2.7.C3: Reduced form results for KIDI score and Caregiver indicators

1) ) ®) (4) (®)
KIDI Is satisfied=1 Received training=1 feifi%zglfgl Caregiver Index
Panel A: Program Effect
ITT=1 0.076*** 0.145* 0.128 0.210** 0.138**
[0.027] [0.084] [0.105] [0.081] [0.057]
Panel B: Differential
Soft (ITT=1) 0.095** 0.148 -0.132 0.227** 0.075
[0.038] [0.097] [0.134] [0.109] [0.073]
Infrastructure (ITT*
Infrastructure) -0.036 -0.006 0.433*** -0.029 0.115
[0.043] [0.108] [0.145] [0.139] [0.070]
Panel C: Summary Statistics
Control mean 0.483 0.816 0.652 0.776 0.700
Control SD (0.075) (0.391) (0.482) (0.422) (0.242)
N 50 105 101 105 65
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Notes: This table presents estimates (Panels A-B) and statistics (Panel C) for KIDI score and Caregiver indicators. Each column corresponds to a
separate regression. In Panel A outcomes are regressed on the assignment to treatment indicator controlling for a vector of controls. In Panel B
outcomes are regressed on the assignment to treatment, the vector of controls and the interaction of the assignment to treatment and the indicator
of infrastructure component of the program. The vector of controls includes variables on which the baseline sample is unbalanced: the number of
classrooms in the center, the indicator that the center has electricity, the indicator that the center is managed by the Departmental Government, the
indicator that the center receives funding from parents; the indicator that the center receives funding from NGOs, opening time, closing time, total
hours of operation; proportion of women staff; proportion of staff who receive feedback; proportion of staff who report being satisfied with their
work; Caregiver index. All regressions include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in

parenthesis. Statistical significance: *10%, **5%, ***1%.

Table 2.7.C4: Reduced form results for center infrastructure, service and administration indicators controlling for

baseline characteristics

1) ) ®) (4) (®) (6) () (8) 9)
o - . . Childcare Curriculum,
Building in Building Constru_ctlon o ) Good Learn!ng Development  Training and
good needs Materials Electricity=1  Garden=1 . S Materials S Lo
A o . illumination=1 Monitoring Monitoring
conditions=1  repair=1  Quality Index Index
Index Index
Panel A: Program Effect
ITT=1 0.281** -0.287*** 0.116 -0.139 0.258** 0.090 0.310*** 0.241*** 0.159**
[0.128] [0.085] [0.095] [0.135] [0.113] [0.142] [0.067] [0.063] [0.072]
Panel B: Differential
Soft (ITT=1) -0.106 -0.056 0.048 -0.319* -0.105 -0.253 0.204* 0.152* 0.088
[0.116] [0.080] [0.117] [0.174] [0.088] [0.157] [0.101] [0.084] [0.092]
Infrastructure
aTT*
Infrastructure) 0.709*** -0.423*** 0.124 0.330* 0.664*** 0.627*** 0.194** 0.164 0.130
[0.129] [0.143] [0.093] [0.167] [0.122] [0.145] [0.095] [0.108] [0.097]
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Panel C: Summary Statistics

Control mean 0.174 1.000 0.783 0.870 0.130 0.652 0.443 0.466 0.435
Control SD (0.388) (0.000) (0.422) (0.344) (0.344) (0.487) (0.276) (0.244) (0.300)
N 65 65 65 65 65 65 65 65 65

Notes: This table presents estimates (Panels A-B) and statistics (Panel C) for center indicators. Each column corresponds to a separate regression.
In Panel A outcomes are regressed on the assignment to treatment indicator controlling for a vector of controls. In Panel B outcomes are regressed
on the assignment to treatment, the vector of controls and the interaction of the assignment to treatment and the indicator of infrastructure component
of the program. The vector of controls includes variables on which the baseline sample is unbalanced: the number of classrooms in the center, the
indicator that the center has electricity, the indicator that the center is managed by the Departmental Government, the indicator that the center
receives funding from parents; the indicator that the center receives funding from NGOs, opening time, closing time, total hours of operation;
proportion of women staff; proportion of staff who receive feedback; proportion of staff who report being satisfied with their work; Caregiver index.
All regressions include municipality fixed effects. Robust standard errors are in brackets, standard deviations are in parenthesis. Statistical
significance: *10%, **5%, ***1%.
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Table 2.7.C5: Reduced form results for coverage indicators controlling
for baseline characteristics

(1) () @) (4)
Chlldr_en Chlld_ren Number of Number of
enrolled inthe  present in the I .
classroom classroom classrooms caregivers
Panel A: Program Effect
ITT=1 -7.245 -2.148 -0.257 -0.609
[4.885] [2.569] [0.266] [0.554]
Panel B: Differential
Soft (ITT=1) -7.270 -3.083 -0.295 -0.660
[4.535] [2.742] [0.287] [0.529]
Infrastructure
aTT* 0.045 1.710 0.070 0.093
Infrastructure)
[2.905] [2.420] [0.230] [0.306]
Panel C: Summary Statistics
Control mean 25.478 16.043 1.696 2.130
Control SD (23.712) (10.615) (1.396) (2.735)
N 65 65 65 65

Notes: This table presents estimates (Panels A and B) and statistics (Panel C) for coverage
indicators in the sample of centers observed at baseline and follow-up. Each column
corresponds to a separate regression. In Panel A outcomes are regressed on the assignment
to treatment indicator controlling for a vector of controls. In Panel B outcomes are regressed
on the assignment to treatment, the vector of controls and the interaction of the assignment
to treatment and the indicator of infrastructure component of the program. The vector of
controls includes variables on which the baseline sample is unbalanced: the number of
classrooms in the center, the indicator that the center has electricity, the indicator that the
center is managed by the Departmental Government, the indicator that the center receives
funding from parents; the indicator that the center receives funding from NGOs, opening
time, closing time, total hours of operation; proportion of women staff; proportion of staff
who receive feedback; proportion of staff who report being satisfied with their work;
Caregiver index. All regressions include municipality fixed effects. Robust standard errors
are in brackets, standard deviations are in parenthesis. Statistical significance: *10%, **5%,
***1%.
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2.7.D Description of indices

1: Learning Materials Index is the proportion of affirmative answers to the
following questions: The Center has at least: ten books for young children?
tree or more puzzles? Toys for learning of different colors, sizes and shapes?
A stereo (radio with CD or recorder) to listen to music? Material to cut, color,
draw, etc.? Toys for children to play and imitate? Toys to build (blocks,
cubes, Lego sets, etc.? Balls? Tricycles, wooden horses, other mountable
toys? Musical instruments?

2: Childcare and Development Monitoring Index is the proportion of
affirmative answers to the following questions: Does the Center have a record
of daily attendance of the children? Does this center periodically record the
size and weight of each child? Does this Center periodically record vaccines
received by each child? Does this center periodically record general health of
each child? Does this center periodically record child development? Does this
Center provide information to parents/caregivers about their child
development? Does this Center daily inform parents/caregivers about how
was the child’s day?

3: Curriculum, Staff Training and Monitoring Index is the proportion of
affirmative answers to the following questions: Does this Center have an
annual staff training plan? Does this Center have a plan of activities for each
room or group? Does this Center plan activities for each child according to
child’s needs? Does this Center have a pedagogical curriculum? Does this
Center have regular evaluations of staff performance? Does this Center have
any rules or regulations on what to do in case a child has an accident or a
medical emergency?

4. Caregiver Index is the average of the proportions of caregivers in the
center who (i) report being satisfied with their work; (ii) work with the
contract; (iii) receive feedback on their work; (iv) had child development
training in the last 3 years.

5: Construction material index takes value one if construction materials of
roof, floor and walls are not precarious: roof is made of resistant material
which is not wood, straw, mud; floor is not bare earth or loose bricks, walls
are plastered. Construction of this index is based on the precarious toilet index
in Bancalari et al. (2016).
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Chapter 3: The Effects of a Home-visiting Program on Early Childhood
Development in Bolivia

3.1 Introduction?®

Inadequate parental care and home environment during the early years can
result in development deficits, perpetuating and increasing with age (Baker
et al., 2019; Fort et al., 2020). Children born in vulnerable families with
parents who lack knowledge of adequate parenting practices are particularly
exposed to these development risks. Literature shows that home-visiting
programs could be a viable solution to improve parental practices for better
child development and outcomes in adulthood (Attanasio et al., 2021; Gertler
etal., 2014; Gertler et al., 2021). However, there is still a question on how to
maintain the effectiveness of these programs when rolled out at scale in
developing countries, particularly in the contexts of high socio-economic
vulnerability.

This study presents the results of a large scale randomized controlled trial of
a home-visiting intervention targeting low-income disadvantaged families in
Bolivia through the “Grow Well to Live Well” (GWLW) program,
implemented by the country’s Ministry of Health. Prior to the intervention,
the development scores of target children on different early childhood
development dimensions (including gross and fine motricity, problem
resolution, socio-individual development and communication) were very
low.3® Given the consensus in the literature that early child development
inequalities are in large part determined by inequality in family and home
environment,®” the GWLW program provided a promising solution for
mitigating these inequalities and preventing their perpetuation in adulthood.

% This chapter is based on the impact evaluation of the “Grow Well to Live Well” early
childhood intervention in Bolivia funded by the Inter-American Development Bank (IDB).
The impact evaluation report is published as an IDB Technical Note 1790. This research
was conducted at the IDB under the direction of Julia Johannsen and Sebastian Martinez,
Cecilia Vidal supported the tasks of data collection and acquisition.

% Gertner et al. (2016).

3" In Bolivian context, Celhay et al. (2018), using the information from the Health and
Nutrition Survey 2012, show that children aged 6 - 36 months from the poorest 20%
families have a motor development score 0.21 standard deviations lower than the score of
children from the richest 20%.
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The operational arm of the GWLW program evaluated in this study consisted
of home visits by trained community workers of families with children aged
6 to 36 months. The community workers offered children’s parents guidance
and counseling on parenting and early simulation, including manufacturing
of home-made toys, teaching of how to talk, play and interact with children.

The program was implemented in 36 municipalities of two prioritized
departments in Bolivia: Chuquisaca and Potosi. The program was
implemented at the intervention unit (IU) level: communities in the rural
areas and neighborhoods in the urban areas. Of the pool of eligible 1Us, 315
were assigned to treatment group and 364 to control group. Within 1Us
assigned to the treatment group, households with at least one child aged 6 to
30 months were identified as eligible to receive the intervention. The program
targeted both rural and urban areas.

This study contributes to the literature by providing evidence from an
experimental evaluation of a home-visiting program implemented at large
scale in a vulnerable setting of a developing Latin American country. The
variation stemming from the randomized assignment of 1Us in treatment and
control groups allows rigorous estimation of the program treatment effects
and identification of the impacts of the program on child development. This
study contributes to the body of knowledge on the determinants of early
childhood development, specifically, to the strand of the literature focused on
the quality of parent-child interaction and home environment (see, e.g.,
Francesconi and Heckman, 2016; Neidell, 2000; Del Bono et al., 2016;
Fiorini and Keane, 2014 for studies in high-income countries). In addition,
this study also contributes to the body of literature evaluating the adaptation
of the Reach Up curriculum in developing countries. In Latin America, the
evidence includes the study by Attanasio et al. (2014) in Colombia and
Araujo et al. (2016) in Perd. Both studies evaluated the implementation of the
Reach Up curriculum through large nationwide programs, while the present
study is an efficacy trial implemented in targeted disadvantaged communities
in Bolivia. The evaluation also provides the measures of child development
and home environment by multiple instruments, including the Ages and
Stages Questionnaires® (ASQ-3) adapted to the local context of Bolivia, the
socioemotional scale of the Regional Program of Child Development
Indicators (PRIDI, for its acronym in Spanish), home environment indicators
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from the Home Observation Measurement of the Environment (HOME), and
selected items from the UNICEF Family Care Indicators (FCI). Finally, the
study also contributes to the discussion on the implementation challenges of
development programs in low-income countries (e.g., Bouguen et al., 2018)
by showing that particularly low take-up rates can hinder the realization of
the expected program impacts

The main findings show that the program had large impact on child
development in rural areas. The reduced form estimation shows that the
program improved the main child development indicator by 0.14 SD,
representing an increase of about 80% with respect to the control mean.
Across development dimensions, the program improved children’s
communication, fine motor, and problem-solving skills. The results for the
intermediate outcomes, in line with the program’s theory of change,
corroborate that the impacts on child development were achieved through
improvements in parent-child interactions and better cognitive stimulation.
The program results were limited by imperfect compliance, which was
particularly low in the urban areas. Arguably, this was the main factor
contributing to no observed program effects on children in urban households.
Overall, the results show that, after a year of exposure to the program and a
total of 40 home visits on average, beneficiary children in rural areas had
significant improvements in different dimensions of child development,
which gives a solid ground for a possible scalability of the program in other
regions of the country.

The reminder of this chapter is structured as follows. Section 3.2 discusses
the relevant literature. Next, Section 3.3 presents the intervention and Section
3.4 describes the data and statistical analysis. Finally, Section 3.5 reports the

results and Section 3.6 concludes. Some additional results and information
are presented in Section 3.7 that acts as an Appendix.

3.2 Literature review

3.2.1 The determinants of early childhood development

A growing body of evidence indicates that foundations for healthy and
productive lives are formed at a very early age (Grantham-McGregor and
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Smith, 2016). Inadequate health and nutrition, parenting practices with
limited interactions between parents and children, home environments with
few books, toys and lack of other learning opportunities, can negatively affect
cognitive and socioemotional development of children. Early developmental
deficits can have lifelong consequences, including lower levels of school
attendance and performance, lower income in adulthood, greater dependence
on the health care system and higher crime rates (Naudeau et al., 2011,
Walker et al., 2011). The environment and socioeconomic status of the
household affect the opportunities for physical and mental development from
birth, putting at a disadvantage children born in vulnerable households
without access to adequate child development services (Lozoff et al., 2006;
Rubio-Codina et al., 2015; Schady et al., 2015).

3.2.2 Parental and caregiver time and childhood outcomes

The existing literature highlights the importance of parenting as one of the
major determinants of child development in the early years (Francesconi and
Heckman, 2016). Several studies find that parental time spent on activities
relevant for development matters for better child outcomes. Using National
Longitudinal Survey of Youth Child-Mother file, Neidell (2000) showed that
uninterrupted parental time investments in the first year of life had lasting
effects on socio-emotional development of children. Price (2010) found that
additional mother-child reading increased children’s reading performance.
Del Bono et al. (2016) used the UK Millennium Cohort data to show that
maternal time is an important quantitative determinant of early childhood
skill formation and has long-term effects on cognitive skill development.
Fiorini and Keane (2014) analyzed the diaries data from the Longitudinal
Study of Australian Children and found that the time children spend with
parents on educational activities is the most productive input for cognitive
skills development. For disadvantaged families, where parents often lack
knowledge about children’s capacities and parenting practices (Cunha et al.,
2013), home-visiting interventions focused on improving parenting practices
and fostering farther-child interactions can be a viable solution to achieve
better child outcomes.

3.2.3 The Reach Up Early Childhood Parenting program
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Home-visiting interventions aim to improve development of children by
strengthening parental capacities and guiding families on parent-child
interaction, stimulation activities or nutrition. Examples of such interventions
in Latin America and the Caribbean include the Kallpa Wawa program in
Bolivia, the Cuna Mas program in Peru, the Roving Caregivers program in
the Caribbean and the Reach Up® Early Childhood Parenting program in
Jamaica. The Reach Up is an early childhood stimulation program based on
the successful Jamaican Home Visit intervention (Grantham-McGregor and
Walker, 2015). The Reach Up model has been broadly and rigorously
evaluated, showing benefits on child development and parenting practices
(Grantham-MacGregor and Smith, 2016). Specifically, the program
generated positive effects on children’s cognitive development, school
performance, grade progression and general knowledge (Grantham-
McGregor et al., 1991; Walker et al., 2000). There is also evidence that the
positive effects of the program remain in the long term, with improvements
in adult education, mental health, income, and reductions in violent behavior
(Gertler et al., 2021; Gertler et al., 2014; Walker et al., 2011; Walker et al.,
2010).

3.2.4 Trials and adaptations of the Reach Up curriculum

Structured curricula similar to Reach Up were adapted, implemented and
evaluated in other countries. In Bangladesh, several studies on the
effectiveness of Reach Up program found positive effects on child
development and behavior (Hamadani et al., 2006; Nahar et al., 2012). In
Colombia, the Reach Up model was implemented in the framework of the
Colombia Conditional Cash Transfer program known as “Families in Action”
(Familias en Accion), finding positive effects on cognitive development and
language (Attanasio et al., 2014). In Peru, the Reach Up model was adapted
and implemented by the government at the national level through the
nationwide program of home visits “Cuna Mas”. The evaluation of “Cuna
Mas” found positive effects on cognitive development and language (Araujo
etal., 2016).

3 More information on the Reach Up Early Childhood Parenting program can be found on
www.reachupandlearn.com (accessed on December 23, 2021).
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3.3 Intervention

As presented in Chapter two Section 2.3, the GWLW program included three
operational arms. The second operational arm, which consisted in home
visits, is the focus of this study.*® The home visits were delivered by trained
community workers organized in teams of one to three people covering
beneficiary families in three to five communities. Each community worker
had a workload of 15-20 families. The teams of community workers were
monitored by coaches-leaders who had at least a college-level degree in early
childhood development. According to the program guidelines, each
beneficiary family would receive four 45-minutes home visits per month. The
program targeted only the youngest child in the beneficiary household.

During home visits, trained community workers worked with the caregivers*
offering guidance and counseling on parenting and early stimulation. The
curricular content of the visits included manufacturing and use of home-made
toys, teaching caregivers in a playful way how to talk, play, teach and interact
with their child. It was expected that these activities would improve
caregivers’ knowledge about childcare and stimulation practices, increase the
use of development-relevant practices in caregiver-child interactions and, put
into practice, would lead to better child development outcomes.

Because the resources of the program were limited, the intervention
prioritized municipalities with higher level of poverty and health needs, and
with eligible health networks for other GWLW program operational arms.
The assignment to intervention was done at the level of IU: community in
rural areas and neighborhood in urban areas. The eligible IUs were selected
according to two criteria: (i) a minimum of 200 inhabitants, (ii) absence of
childcare centers.

The program was implemented as a Randomized Controlled Trial. The
urban/rural areas of the eligible municipalities delimited the randomization

39 The GWLW program consisted of three operational arms: (i) child stimulation centers,
(if) a home-visiting program, (iii) a program to improve the quality of center-based
childcare. See Chapter two Section 2.3 for details.

0 In this study we use the term “caregivers” to refer to parents of a child or other main
caregivers within the household.
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stata. Within each randomization stratum, the 1Us were assigned to receive
or not to receive the intervention. In total, 820 1Us (441 rural communities
and 379 urban neighborhoods) were eligible to participate. Within each
stratum, eligible IUs were randomly assigned the order of entrance to the
program and listed accordingly. Eligible 1Us from the top of the list were
assigned to receive the intervention (treatment group) while the rest of the
IUs were assigned to the control group. Before program implementation, the
list of eligible 1Us was refined and validated.*! The final list consisted of 315
IUs in the treatment group and 364 IUs in the control group.

Within each 1U, the program identified eligible households with at least one
child aged 6 to 30 months.*? To ensure maximum exposure to the program,
the priority was given to households with smaller children. The rest of the
households were assigned to the replacement group. The replacement
households were assigned to receive the program if the prioritized beneficiary
household refused the intervention, emigrated, or the beneficiary child exited
the program because of death or reaching the age limit of 36 months.* The
endline survey revealed that not all households assigned to the treatment
group received the intervention. The participation rate was particularly low
in the urban areas. The program take-up and its implications are discussed in
Section 3.5.2.

The randomization was done in 2012, but the intervention was implemented
between June 1, 2017, and May 30, 2018. In the first years of the program,
the activities were focused on planning the program implementation,
gathering baseline information, training the personnel, developing guidelines
and manuals. The group of national and international professionals developed
the program Guidelines “Early Childhood Development Guide with a
Community Approach for Girls and Boys from 6 to 36 Months of Age”. The
Guidelines were based on the Reach Up curriculum and adapted to the

1 For example, initially eligible 1Us in municipalities Las Carreras (Chuquisaca) and San
Antonio de Esmoruco (Potosi) were excluded because their population was smaller than
200 inhabitants.

2 The restriction of the maximum age 30 months was introduced to ensure that the
beneficiary children were exposed to the program for at least 6 months before they reached
the maximum program eligibility age of 36 months.

8 The detailed description of the selection of program beneficiaries is available in
Johannsen et al. (2019b).
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sociocultural context of Bolivia. The Guidelines contained the detailed
intervention protocol, specifying activities and parenting practices that
community workers taught parents and caregivers during each home visit.
Prior to the intervention, the Guidelines were tested and validated in the
groups of non-beneficiary children in the departments of Chuquisaca and
Potosi.

3.4 Data and method

3.4.1 The endline survey

The data for the program evaluation was retrieved from the endline survey
(ES).** The ES was carried out between June and July 2018, one year after
the start of the intervention and immediately after the intervention concluded.
The ES included modules on childcare practices, direct observations of child-
caregiver interactions, and parental time inputs. To evaluate development
outcomes, the survey included measures of communication, gross motor, fine
motor, cognitive and socioemotional development (described in Sections
3.4.2 and 3.4.3). In addition, the ES collected background information of
socioeconomic characteristics of all household members, retrospective
information on child endowments (such as birth weight and antenatal care)
and participation in early childhood programs.

The survey had a probabilistic sample design with 1Us being the primary
sampling units. The sample frame was the list of all treatment and control
IUs. In rural areas, the selection of treatment 1Us was probabilistic, with the
distribution across municipalities being proportional to the distribution of all
IUs in the sample frame. In each municipality, the equivalent number of
control 1Us was selected from the bottom of the treatment assignment list. In
urban areas, a random sample of 1Us in treatment and control groups were
selected. The final survey sample consisted of 100 urban (50 treated and 50

* The program also implemented a baseline survey in 2014 on a sample of children in
eligible communities. The objective of the baseline survey was to provide the information
on the target population and to inform the program design (Gertner et al., 2016). The
information from the baseline survey was not used in this study because the children
interviewed at baseline in 2014 were no longer eligible to receive the program when it
started in 2017.
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control) and 140 rural (70 treated and 70 control) 1Us. In each rural U, a
random sample of 12 households was selected, while in urban 1Us the ES was
implemented in all eligible households. The household was eligible for the
interview if it had at least one child aged 12 to 44 months.* In households
with more than one child aged 12 to 44 months, the survey collected
information from the youngest child. The final analysis sample included
1,052 and 1,461 children in urban and rural areas, respectively.

The survey was carried out by a specialized data collection firm with
monitoring by the external independent data quality assurance consultant.
The survey protocol obtained the Institutional Review Board authorization
from the National Committee of Bioethics.

3.4.2 Child development outcomes

Child development was measured using five dimensions of the Ages and
Stages Questionnaires (ASQ) and seven questions of the Regional Project of
Child Development Indicators (“Proyecto Regional de Indicadores de
Desarrollo Infantil”, or PRIDI in Spanish) questionnaire.

ASQ questionnaires (Squires et al., 2009) constitute a developmental
screening tool used to identify potential developmental delays in the first five
years of life. It is largely used in household surveys due to easy parental
comprehension, reliability and implementational cost-effectiveness
(Kerstjens et. al., 2009, and studies cited there). In this study, child
development was assessed using the communication, fine motor, gross motor,
problem solving and socio-individual scales of the third edition of the ASQ
(ASQ-3). The questionnaires were applied through 13 age-group
questionnaires.*® To increase variability in the sample, additional items of

% The age range of eligible children was defined to maximize the probability of
interviewing children that were exposed to the program. Since the program started in June
2017 targeting children aged 6 - 30 months, by the time of the endline survey, the age of
these children would be between 18 and 42 months (i.e., enrollment age plus 12 months).
The age range established for the endline survey was 12 — 44 months to include children
incorporated in the program as replacements.

% Age groups: 1) 11m 0d — 12m 30d; 2) 13m 0d — 14m 30d; 3) 15m 0d — 16m 30d; 4) 17m
0 d—18m 30d; 5) 19m 0d — 20m 30d; 6) 21m 0d — 22m 30d; 7) 23m 0d — 25m 30d; 8) 26m
0d — 27m 30d; 9) 28m 0d — 30m 30d; 10) 31m 0d — 33m 30d; 11) 34m 0d — 36m 30d; 12)
37m 0d — 42m 30d; 13) 43m 0d — 48m 30d.
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decreasing and increasing difficulty were added to the six core items in each
developmental domain. Similar adaptations were implemented in other
studies (Rubio-Codina et al., 2016; Fernald et al., 2012). The language was
adapted to the local context of Bolivia. Questions about tasks that the child is
(or is not) able to perform were asked to a caregiver by an interviewer, while
some specific items were directly administered to a child. Each question/item
was scored 10, 5 or 0 depending on whether the caregiver reported that the
child could perform the task always, sometimes, or never, respectively. Raw
scores were constructed for each domain as the sum of the scores across
items. The raw scores were transformed into within age-group standardized
z-scores, with mean zero and standard deviation (SD) one.

In addition to the five dimensions covered in the ASQ-3, the ES included
seven questions from the socioemotional scale of PRIDI questionnaire.*’
PRIDI questionnaire aims to identify young children at risk of social or
emotional difficulties and measures the child’s skills to recognize emotions
and to handle and adapt to new situations. Based on the response category for
each question (“yes”, “sometimes” and “no”), a raw score was constructed
by adding all responses. An index of socio-emotional child development was

computed as a simple average of the seven raw scores (Kling et al., 2007).%

3.4.3 Home environment outcomes

The home environment quality was measured using the abbreviated version

of “Responsivity” and “Acceptance” dimensions of the HOME inventory
(Caldwell and Bradley, 2001) and selected items from the UNICEF’s FCI.

HOME is a well-known observational measure of the quality of cognitive
stimulation and emotional support provided in a child’s family. Several
versions of HOME inventory are available: Infant/Toddler (IT) HOME for
children birth to 3, Early Childhood (EC) HOME for children ages 3 to 6, and
Middle Childhood (MC) HOME for children aged 6 to 10. For scoring, the
assessor enters a plus sign for each item if the behavior is observed or reported

4 For more information about the program and questionnaires  visit
https://www.iadb.org/es/sectores/educacion/pridi/inicio (accessed on December 23, 2021).
8 A detailed information on construction of this and other indices is presented in Appendix
3.7.A
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and a minus sign if it is not. Each subscale score and the total inventory score
are computed by counting the number of plus signs. In this study, the
abbreviated versions of the IT HOME “Responsivity” and “Acceptances”
subscales were employed.*® “Responsivity” subscale measures the degree of
responsiveness of caregivers to a child. The implemented shortened version
of this subscale comprises six items. The plus signs were scored as one and
minus signs were scored as zero. “Acceptance” subscale measures parental
acceptance of misbehavior and avoidance of restriction and punishment. The
implemented shortened version of this subscale has five items. The scoring
of this subscale is reversed. Therefore, the plus signs were scored zero and
minus signs were scored one. Standardized z-scores were computed for each
subscale and the overall HOME score using the sample mean and SD.

The FCI is a short and easy to administer test developed by UNICEF
(Frongillo et al., 2003). The test was validated against HOME in vulnerable
socioeconomic contexts by Hamadani et al. (2010). Selected items of the FCI
inventory were used to collect the information on parental support and
stimulation of child development. Caregivers were asked about six activities
in which an adult in the household was engaged with the child over the past
three days: singing, reading, telling stories, counting or naming things,
playing and going out. The information from these six questions was used to
construct the Child Stimulation Index, which shows a proportion of positive
answers to the questions about adult engagement in each of six play activities
(Kling et al., 2007). In addition, the FCI collected the information on
practices of discipline and punishment. This information was used to
construct the severe discipline practices and the rules and routines indices.*

3.4.4 Method

49 IT-HOME full version has 45 items and six subscales: (1) Responsivity: the extent of
responsiveness of the parent to the child; (2) Acceptance: parental acceptance of suboptimal
behavior and avoidance of restriction and punishment; (3) Organization: regularity and
predictability of the environment; (4) Learning Materials: provision of appropriate play and
learning materials; (5) Involvement: extent of parental involvement; and (6) Variety in daily
stimulation. Eighteen items are based on observation, 15 on interview, and 12 on either
observation or interview.

%0 See Appendix 3.7.A for the details of indices construction.
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This study uses the randomization design of the program as the key feature
that allows to identify the impacts. Given the experimental design of the
intervention in which the 1Us were assigned to treatment based on the random
lottery order, the identification strategy is based on comparison of the results
between households in the treatment 1Us and control 1Us. In the absence of
selective attrition and with perfect compliance, the difference between
treatment and control groups is an unbiased estimate of the average treatment
effect (ATE). In case of this intervention, not all households complied with
the assigned intervention group, which implies that the ATE cannot be
directly recovered. Instead, the empirical strategy focuses on estimation of
the associated program effect parameters: the intent-to-treatment (ITT) effect
and the Local Average Treatment Effect (LATE). The ITT effect is an
estimate of the effect on those assigned to treatment, regardless of their take-
up (Angrist and Pischke, 2008). The LATE provides an estimate of the
treatment effect for compliers, i.e., those who are induced by their assignment
to comply (Imbens and Angrist, 1994; Angrist et al., 1996). Under imperfect
compliance, the ITT usually provides a lower bound of the ATE, while the
LATE typically provides an upper bound.5

The results presented in this study are estimated in the following econometric
models:

Model 1: The ITT effect, or reduced form effect, for households in urban and
rural areas. The ITT parameter is retrieved by regressing the outcome
indicator on the assignment to treatment indicator and the randomization
strata fixed effect:

Yj =a+ BTy +y;+&; (1)

Where Y;; is the outcome indicator for child i in strata j; T;; is a treatment
assignment indicator equal to one if the IU was assigned to treatment and zero
otherwise; y; is strata fixed effect, and ¢;;, is the error term. The parameter

of interest is 8, which measures the ITT effect on the outcome indicator
between treatment and control group.

51 J-PAL Abdul Latif Jameel Poverty Action Lab Research Resources. Available online:
https://www.povertyactionlab.org/resource/data-analysis, (accessed on December 21,
2021).
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Model 2: The ITT effect, estimated by regressing the outcome indicator on
the assignment to treatment indicator, the randomization strata fixed effect,
and the set of control variables included to improve efficiency and account
for some imbalances in fixed or pre-determined characteristics:>

In this model, X;; is a set of child, caregiver and household controls. All other
variables and parameteres are defined as in model (1).

Model 3: The ITT effect estimated by regressing the outcome indicator on
the assignment to treatment indicator, the randomization strata fixed effect
and the set of control variables, differentiating between rural and urban
households:

Y;j = a+ g Tij * Rural + By T;; * Urban + X;6 + y; + &; (3)

In this model, the parameters of interest are 8z and ;. They measure the ITT
effect on the outcome indicator between treatment and control group in rural
and urban households, respectively. These parameters are estimated on the
interaction of the assignment to treatment indicator T;; and the indicator of
rural/urban 1U. All other variables and parameters included in the model are
defined as in model (2).

Model 4: The LATE effect, estimated differentiating between rural and urban
households and including the randomization strata fixed effect and the control
variables. The LATE parameters are estimated in two stages. In the first stage,
the interactions between the actual treatment and rural/urban indicator are

%2 The control variables include: the child’s age in months, the indicator that the child is
female, the indicator that the child has a health card, the indicator that the child’s mother
had more than four prenatal controls, the indicator that the child’s caregiver can read, write,
caregiver’s years of education, marital status, the indicator that the caregiver is indigenous,
the household size, number of rooms, home ownership, and the wealth index. Six control
variables — child has a health card, child’s caregiver can read, write, marital status, caregiver
is indigenous, and the number of rooms — are included to control for the imbalance in pre-
determined and time-invariant characteristics. See Section 3.5.1 for details. Other control
variables are included to improve precision of the estimated parameters (Martinez et al.,
2018).
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regressed on the interactions of the assignment to treatment and the indicator
of rural/urban 1U, strata fixed effects, and the control variables. In the second
stage, the outcome indicators are regressed on the predicted values from the
first stage regressions, strata fixed effects, and control variables. Formally,
the following equations are estimated:

Stage 1:

Djj * Rural = ay + Pgy Tjj * Rural + By, Tj; * Urban + X{j61 +7v; +&;(4.1)
D;j * Urban = a, + P, Tjj * Rural + By, T;j * Urban + X6, +y; + &5 (4.2)

Stage 2:
Yij=a+ B arg Dy * Rural + By rare Dij * Urban + X;]-S Tyt & (43)

The parameters of interest are Bz 4rr and Sy pare. They measure the LATE
effect on the outcome indicator for the households that complied with the
treatment in rural and urban areas, respectively. These parameters are
estimated on the predicted values of D, * Rural and D, ' * Urban, retrieved
from the first-stage regressions (equations 4.1 and 4.2), where D;; is an
indicator of whether the household received or not received the intervention.
All other variables and parameters are defined as in models (1) — (3).

In all regressions the standard errors are robust and clustered at the 1U level
to account for correlation within randomization units. Given that the

parameters are estimated in a sample with probabilistic design, all regressions
include sampling weights.>3

3.5 Results

3.5.1 Balance tests

%3 In addition to models (1) — (4), the estimation of LATE effects was done for the pooled
sample, and the estimation of the ITT without covariates differentiating between rural and
urban households. Results of these analyses can be made available upon request.
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To verify the experimental design validity, we perform balance tests using
the information from the endline survey on pre-determined and time-invariant
characteristics of children, their households, and caregivers in the sample of
rural and urban households. These results are reported in Table 3.1.

As seen in Table 3.1, we find balance in most time-invariant and pre-
determined characteristics of children and their households. Notably, we
observe balance in key child characteristics, such as gender, age, weight at
birth. We also observe balance in main household characteristics which might
be potentially correlated with the outcomes, such as household income,
wealth index, land ownership. Most of imbalance is observed in the caregiver
characteristics. Specifically, we find statistically significant differences in
means at five percent level of statistical significance for the indicators that
the caregiver is indigenous and that she can read, and statistically significant
differences at ten percent level for the indicators that the caregiver can write
and is married. We do not observe any statistically significant differences in
means for the household characteristics, except for the number of bedrooms,
which is statistically significant at ten percent level of statistical significance.
As it was mentioned in the previous section, in models (2) — (4) we control
for the imbalance in pre-determined and time-invariant characteristics by
including as regressors the variables on which we find statistically significant
differences between control and treatment group means, along with some
additional regressors which we included to improve precision of the
estimates.
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Table 3.1: Comparison of treatment and control group characteristics

Rural Urban
Treatment trol Treatment trol
reatment  Contro Difference  P-value Sample reatmen Contro Difference P-value Sample
mean mean mean mean
1) (2) 3) 4 ®) (6) (7 (8) 9 (10)
A: Child characteristics and endowments
Child is female  0.45 0.49 -0.039 0132 1461 0.52 0.48 0.031 0313 1052
Child’s age in months ~ 28.80 28.28 0.568 0271 1461 28.20 28.49 0230 0741 1052
Child has a health card ~ 0.10 0.10 -0.007 0728 1333 0.16 0.21 -0.055*  0.059 1008
Child's mother had four or ., 7 0.75 0023 0367 1461 0.85 0.90 0055 0105 1045
more prenatal controls
st
Week of pregnancy at 1% ¢ 4 8.82 0137 0697 1433 9.10 9.15 0114 0802 1045
antenatal care check-up
Birth attended 'nf::ﬁ::; 0.60 064 002 0439 1461 095 094 0012 0510 1052
Child’s weight atg'iﬂlsg 3321.60 330050 20078 0511 1097 325215  3292.05  -39.347  0.200 963
B: Caregiver characteristics
Caregiver is female 0.98 0.98 0.006 0.461 1461 0.97 0.97 -0.006 0.595 1052
Caregiver’s age 31.78 31.44 0.348 0.534 1461 30.61 30.07 0.403 0.472 1052
Caregiver is married/ '”u‘r:]'i‘c’)'r: 0.51 056  -0.045% 0099 1461 0.42 0.37 0048 0122 1052
Caregiver is head of
0.13 0.13 0.003 0.878 1461 0.17 0.13 0.037 0154 1052
household
Mother tongue is Spanish ~ 0.25 0.32 0.001 0975 1461 0.63 0.63 -0.009 0871 1052
Caregiver is indigenous 077 0.68 0.080** 0011 1461 0.55 0.53 0.020 0683 1052
Caregiver reads ~ 0.78 082  -0052** 0027 1461 0.93 097  -0.038** 0018 1052
Caregiver writes 078 0.81 -0.042* 0052 1461 0.93 097  -0.042** 0014 1052
Years of education 5.66 5.56 0.054 0.841 1461 9.86 10.50 -0.766 0.191 1052
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Number of hours worked

4328 4448 0138 0921 592 43.43 40.87 2603 0251 345
weekly
_ Self-employedor ) . 0.34 0.044 0239 592 0.50 0.52 0032 0644 346
independent worker
C: Household characteristics
Household size ~ 5.45 5.44 0008 0947 1461 4.74 4.59 0163 0152 1052
The dwelling is a house ~ 0.84 0.83 0007 0760 1461 0.74 0.70 0.024 0620 1052
Household owns the —— o) 0.81 0.005 0.842 1461 0.45 0.41 0023 0537 1052
dwelling
Construction material index* 0.45 0.46 0.001 0.986 1461 0.88 0.90 -0.018 0.397 1052
Bathroom connected tothe = 012 0013 0737 1461 086 0.82 0038 0346 1052
Sewerage
Has electricity ~ 0.79 0.82 0003 0926 1461 0.99 0.99 0005 0448 1052
Number of bedrooms ~ 2.59 2.46 0.150* 0051 1461 2.41 2.46 0062 0733 1052
Dwelling isaroom  0.15 0.16 0.006 0785 1461 0.25 0.28 0021 0676 1052
Wealth index!  -0.63 -0.55 0032 0675 1461 0.79 0.83 0033 0686 1052
Household owns 5 g, 0.72 0052 0141 1461 0.20 0.19 0013 0671 1052
agricultural land
Logarithm of monthly
6.54 6.79 0171 0132 1418 7.88 7.92 0042 0544 1040

household income
Notes: 1: See Appendix 3.7.A for the index construction methodology. Columns (1) and (2) show means in the treatment group, column (3) shows the difference between control
and treatment group means, column (4) shows the P-value from the formal test of the equality of the treatment and control group means, column (5) shows the number of
observations in the overall sample (treatment and control) for rural households. Columns (6)-(10) show the same information for urban households. The differences between
means are estimated in the regressions where each child, caregiver or household characteristic variable is regressed on the assignment to treatment indicator controlling for the
randomization strata fixed effects. The sample of caregivers reporting the hours worked and the employment type is restricted to those caregivers who reported that they worked
at least one hour last week. All statistics calculations and estimations use sampling weights. Statistical significance: * 10%, ** 5%, *** 1%.
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3.5.2 Program take-up and participation

This section presents the results of the program take-up. Table 3.2 show that
program take-up was no complete. In particular, 38% of the eligible
households received at least one program visit in rural areas and 14% in urban
areas. A possible explanation of this low take-up rate is that almost half (43%)
of households in rural 1Us assigned to treatment and 68% of households in
urban 1Us assigned to treatment reported not knowing about the program.
Plausible reasons include staff shortage (i.e., field teams were understaffed at
certain moments of the program and could not cover all eligible households);
migration, especially for children of working-age parents; difficulty to
identify IUs’ limits by program staff, who may have considered different
geographical community limits than those used by the survey teams.

Although the compliance with the treatment assignment was not perfect, the
duration and frequency of the program visits in the households that received
the intervention was in accordance with the program protocol. As shown in
Table 3.2, on average, the frequency of visits was around three to four per
month and the duration of the program was about 12 months. Overall, treated
children received about 40 program visits.

In addition to the low take-up among treated households, we also observe a
small contamination of the control group: one percent of the control
households reported having received the program in rural IUs and two percent
in urban IUs. The analysis of the program take-up and control contamination
by 1Us reveals that the extent of the problem varies across municipalities. On
Figure 1 we illustrate these differences: while all municipalities in which the
endline survey was implemented present partial compliance, only 11
municipalities present control contamination problem, with particularly high
percentage of treated households in 1Us assigned to the control group in
Azurduy and Villa Abecia.
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Table 3.2: Program take-up and participation

Rural Urban
Treatment  Control Difference  P-value Sample Treatment Control Difference  P-value Sample
mean mean mean mean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Receives or has received ) 0 0.0L  0.370%* 0000 1461 0.14 0.02 0.114*** 0000 1052
program visits

Caregiver knows aboutthe ) ; 021  0.386*** 0000 1461 0.32 0.22 0.093** 0026 1052
program

Visits per month!  3.46 4.01 038 0138 296 3.71 3.04 0.823 0113 100

Months household received ) g5 6.72 3221 0251 296 1145 14.96 0327 0920 100
program Vvisits

Total number of visits! ~ 40.85 2632 10329 0303 296 43.96 45.40 9.136 0522 100

Notes: 1: Conditional on having received the program. Columns (1) and (2) show means in the treatment group, column (3) shows the difference between control and treatment
group means, column (4) shows the P-value from the formal test of the equality of the treatment and control group means, column (5) shows the number of observations in the
overall sample (treatment and control) for rural households. Columns (6)-(10) show the same information for urban households. The differences between means are estimated in
the regressions where the program take-up or participation indicator is regressed on the assignment to treatment indicator controlling for the randomization strata fixed effects. All

statistics calculations and estimations use sampling weights. Statistical significance: * 10%, ** 5%, *** 1%.
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Figure 3.1: Program participation by municipalities

UNCIAN=10 =
OCURI N=6
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AZURDUY N=6
VILLAABECIA N=2

T T T T
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Notes: This figure shows the average participation rate reported by households in treated and control
Intervention Units (IUs) across municipalities. “N” indicates the number of IUs in each municipality.

Given the partial compliance with the treatment assignment and the
contamination of the control group, the magnitude of the minimum detectable
effect size (MDES) at the design stage of the intervention is smaller than the
MDES accounting for partial compliance (Duflo et al., 2007). In case of this
study, the reduction in statistical power caused by imperfect compliance is
specifically severe in the subsample of urban 1Us, where participation rate in
the treatment group is only 14% and the adjusted difference between
treatment and control group compliance with assignment to treatment is 11%.
The extent of the problem is large and is reflected in the estimates of the
program results presented in the following section of this study.
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3.5.3 Program effects on child development

Table 3.3 presents program effects on children’s main development outcomes
measured using standardized z-scores based the answers of ASQ-3* and
PRIDI questionnaires. The table is structured in four columns, each column
showing the results for the models presented in section 3.4.4. Specifically,
the results for models one, two and three are presented in columns one
through three, respectively. The second stage results for the LATE model
(equation 4.3) are presented in the column four. The overall ITT effect g is
reported in line “ITT=1", the ITT or LATE effects for rural and urban
households, Br, Py, Prirares BPurare, are reported in lines
“ITT(LATE)*Rural” and “ITT(LATE)*Urban.” The table also reports the
control means in the overall sample, rural and urban areas, and the number of
observations. The regressions estimated for models two through four include
control variables. The table is divided in seven panels, each one showing the
results for the overall ASQ-3 score, five ASQ-3 dimensions, and socio-
emotional dimension based on PRIDI questionnaire index.

Table 3.3: Program effects on child development (ASQ-3 z-scores and
PRIDI index)

ITT LATE
ITT +
ITT Rural/Urban +  Rural/Urban +
controls
controls controls
Overall ASQ-3 (Z-score) 1) 2 3) 4)
ITT=1 0.048 0.067
[0.062] [0.057]
ITT(LATE)*Rural 0.140** 0.351**
[0.063] [0.147]
ITT(LATE)*Urban 0.013 0.122
[0.087] [0.782]
Control mean 0.015 0.015
Control mean (rural) -0.179 -0.179
Control mean (urban) 0.165 0.165
Sample 2499 2499 2499 2499
Communication ASQ-3 (Z-score)
ITT=1 0.038 0.043
[0.050] [0.049]
ITT(LATE)*Rural 0.170*** 0.424***

* In Appendix 3.7.B1 we present the results for the raw ASQ-3 scores.
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[0.053] [0.131]
ITT(LATE)*Urban -0.050 -0.443
[0.072] [0.655]
Control mean -0.008 -0.008
Control mean (rural) -0.134 -0.134
Control mean (urban) 0.090 0.090
Sample 2499 2499 2499 2499
Gross Motor ASQ-3 (Z-score)
ITT=1 -0.004 0.007
[0.067] [0.065]
ITT(LATE)*Rural -0.028 -0.069
[0.063] [0.156]
ITT(LATE)*Urban 0.032 0.286
[0.102] [0.925]
Control mean 0.030 0.030
Control mean (rural) -0.068 -0.068
Control mean (urban) 0.106 0.106
Sample 2499 2499 2499 2499
Fine Motor ASQ-3 (Z-score)
ITT=1 0.051 0.067
[0.047] [0.045]
ITT(LATE)*Rural 0.116** 0.290**
[0.057] [0.142]
ITT(LATE)*Urban 0.031 0.275
[0.066] [0.592]
Control mean 0.022 0.022
Control mean (rural) -0.139 -0.139
Control mean (urban) 0.145 0.145
Sample 2499 2499 2499 2499
Problem Solving ASQ-3 (Z-score)
ITT=1 0.018 0.035
[0.055] [0.054]
ITT(LATE)*Rural 0.166*** 0.413***
[0.063] [0.150]
ITT(LATE)*Urban -0.061 -0.538
[0.079] [0.710]
Control mean 0.022 0.022
Control mean (rural) -0.188 -0.188
Control mean (urban) 0.184 0.184
Sample 2499 2499 2499 2499
Socio-individual ASQ-3 (Z-score)
ITT=1 0.050 0.065
[0.051] [0.048]
ITT(LATE)*Rural 0.026 0.067
[0.057] [0.137]
ITT(LATE)*Urban 0.094 0.838
[0.071] [0.690]
Control mean -0.015 -0.015
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Control mean (rural) -0.059 -0.059

Control mean (urban) 0.019 0.019
Sample 2499 2499 2499 2499
Socio-emotional PRIDI
ITT=1 0.022 0.029**
[0.016] [0.014]
ITT(LATE)*Rural 0.049*** 0.122***
[0.014] [0.035]
ITT(LATE)*Urban 0.014 0.125
[0.022] [0.207]
Control mean 0.504 0.504
Control mean (rural) 0.448 0.448
Control mean (urban) 0.548 0.548
Sample 2513 2513 2513 2513

Notes: Scores for overall, communication, gross motor, fine motor, problem solving, and socio-individual
dimensions were computed using questionnaires adapted from the Ages and Stages Questionnaires, 3" edition.
(ASQ-3). Z-scores were computed with respect to in-age-groups means and standard deviations for the overall
ASQ-3 and each dimension. The score for socio-emotional dimension was computed using 7 selected items of
the PRIDI questionnaire. Results in columns (3) — (4) are from regressions that include controls for child’s age
in months, sex, has health card, >=4 antenatal care controls, caregiver can read, write, education in years, marital
status, indigenous, household size, number of rooms, home ownership, wealth index, strata fixed effect, and are
estimated using sampling weights. Standard errors in brackets are adjusted for clustering at the 1U level.
Statistical significance: * 10%, ** 5%, *** 1%.

As seen in Table 3.3, while we do not observe statistically significant
program effects in the models that pool together rural and urban households
(except for PRIDI’s socio-emotional dimension), we do find large and
statistically significant program effects at the conventional level of statistical
significance (five or one percent) for rural households in the models which
differentiate between rural and urban households. Specifically, our results
show that the program was successful in increasing the overall ASQ-3 score
in rural households by 0.14 SD in the reduced form estimation and by 0.35
SD inthe LATE model. Thisimplies a 78% increase (ITT model) with respect
to the control mean. We also find a large and statistically significant program
effect in three ASQ-3 dimensions: communication, fine motor, and problem
solving, ranging from 0.116 SD to 0.424 SD. On the contrary, we do not
observe effects in gross motor and socio-individual dimensions. A plausible
explanation to this is that the program did not specifically focus on gross
motor development (e.g., keeping equilibrium, running) and did not
specifically target the child’s satisfaction of self-help needs (e.g., getting
dressed) measured in the socio-individual dimension of the ASQ-3. Finally,
we observe statistically significant program effects in socio-emotional
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dimension in the overall sample (0.029 points of PRIDI index) and in the
sample of rural households (0.049 to 0.122 points of PRIDI index).>

3.5.4 Program effects on child’s environment

In this section we present the program effects on the child environment,
specifically, the quality of the child-caregiver interaction measured using
standardized HOME z-scores,®® and child stimulation, sever discipline
practices, rules and routines indices based on the FCI questionnaire. These
results are intermediate outcomes and represent the program mediating
pathway towards observed changes in child development indicators. The
results are presented in Table 3.4. The rows and columns of this table have
the same structure as in Table 3.3 described in Section 3.5.3. The overall
HOME score and the results for two child-caregiver interaction scales are
presented in the first three panels. The results for the FCI child stimulation,
severe discipline practices, and rules and routines indices are presented in the
last three panels.

Table 3.4: Program effects on parent-child interaction and stimulation
(HOME z-scores and FCI indices)

ITT LATE
ITT ITT + controls  Rural/Urban Rural/Urban +
+ controls controls
Overall HOME (Z-score) @ )] 3) 4)
ITT=1 -0.047 -0.021
[0.075] [0.071]
ITT(LATE)*Rural 0.146*** 0.362***
[0.056] [0.134]
ITT(LATE)*Urban -0.144 -1.283
[0.116] [1.028]
Control mean 0.041 0.041

% |t is worth noting that, while ASQ-3 includes the social-individual domain, this scale
mostly assesses child’s self-help needs. In contrast, the socio-emotional domain of
development focuses on such behavioral areas as self-regulation, compliance, social-
communication, adaptive functioning, affect and interaction with people. The experts
recommend complementing the ASQ-3 assessment with socio-emotional evaluations for a
complete screening of development factors:  https://agesandstages.com/free-
resources/articles/using-asg-3-and-asgse-2-together/ (accessed on December 21, 2021).

% In Appendix 3.7.B2 we present the results for the raw HOME scores.
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Control mean (rural) -0.187 -0.187
Control mean (urban) 0.218 0.218
Sample 2513 2513 2513 2513
Responsiveness HOME (Z-score)
ITT=1 -0.034 -0.005
[0.079] [0.077]
ITT(LATE)*Rural 0.198*** 0.490***
[0.058] [0.140]
ITT(LATE)*Urban -0.155 -1.381
[0.124] [1.120]
Control mean 0.044 0.044
Control mean (rural) -0.201 -0.201
Control mean (urban) 0.234 0.234
Sample 2513 2513 2513 2513
Acceptance HOME (Z-score)
ITT=1 -0.047 -0.044
[0.053] [0.051]
ITT(LATE)*Rural -0.084 -0.210
[0.064] [0.158]
ITT(LATE)*Urban -0.014 -0.131
[0.075] [0.655]
Control mean 0.006 0.006
Control mean (rural) -0.020 -0.020
Control mean (urban) 0.026 0.026
Sample 2513 2513 2513 2513
Child stimulation index FCI
ITT=1 0.023 0.037**
[0.022] [0.017]
ITT(LATE)*Rural 0.059%** 0.149***
[0.017] [0.035]
ITT(LATE)*Urban 0.020 0.178
[0.028] [0.259]
Control mean 0.487 0.487
Control mean (rural) 0.393 0.393
Control mean (urban) 0.559 0.559
Sample 2513 2513 2513 2513
Severe discipline practices index FCI
ITT=1 0.017 0.018
[0.012] [0.012]
ITT(LATE)*Rural 0.014 0.036
[0.009] [0.023]
ITT(LATE)*Urban 0.021 0.184
[0.020] [0.181]
Control mean 0.179 0.179
Control mean (rural) 0.185 0.185
Control mean (urban) 0.175 0.175
Sample 2513 2513 2513 2513

Rules and routines index FCI
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ITT=1 -0.007 -0.001

[0.022] [0.021]
ITT(LATE)*Rural -0.008 -0.019
[0.027] [0.064]
ITT(LATE)*Urban 0.004 0.036
[0.030] [0.270]
Control mean 0.441 0.441
Control mean (rural) 0.388 0.388
Control mean (urban) 0.482 0.482
Sample 2513 2513 2513 2513

Notes: The overall, responsiveness and acceptance HOME scores were computed using a reduced set of items
from the HOME inventory. The activity participation index, severe discipline practice, and rules and routines
indices show the proportion of affirmative answers on the relevant questions of the FCI questionnaire. See
Appendix 3.7.A for the index construction methodology. For HOME inventory, the raw scores were
transformed in standardized z-scores using sample mean and standard deviation. The results in columns (2) —
(4) are from regressions that include controls for child’s age in months, sex, has health card, >=4 antenatal care
controls, caregiver can read, write, education in years, marital status, indigenous, household size, number of
rooms, home ownership, wealth index, strata fixed effect, and are estimated using sampling weights. Standard
errors in brackets are adjusted for clustering at IU the level. Statistical significance: * 10%, ** 5%, *** 1%.

As seen in Table 3.4, the program had large and statistically significant
effects on child-caregiver interaction quality in rural households.
Specifically, the program increased the overall HOME score in rural
households in a range from 0.146 SD in the ITT model to 0.362 in the LATE
model. This impact is mostly driven by a large increase in the responsiveness
dimension (98% with respect to the control mean in the ITT model). We do
not observe program effects in the acceptance dimension in rural households,
and in either dimension in urban households. The results for the stimulation
index show that the program had a large and statistically significant effect
(0.059 points in the ITT model and 0.149 points in the LATE mode)
improving cognitive stimulation of children in rural households. We do not
observe changes in the severe discipline and rules and routines indices.

Overall, the findings in this section are consistent with the program having a
positive impact on child development outcomes through increase in cognitive
stimulation and better quality of child-caregiver interactions. This is expected
and in line with the program logic, considering that the intervention
specifically focused on improving caregiver skills to interact and stimulate
children. The absence of the program effects in the two of FCI indices focused
on rules and punishment is also consistent with the program logic, since the
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program curriculum did not address these areas.’” Regarding the HOME’s
acceptance dimension, arguably, the items included in this dimension are
difficult to measure in a single visit by a survey enumerator.>®

3.5.5 Unanticipated effects on health outcomes

The program design pre-identified various dimensions of early child
development as primary outcomes of interest (communication, cognitive and
psychosocial skills). However, given that the program was delivered by the
Bolivian Ministry of Health, home visitors were identified by families as
health professionals. Motivated by these aspects of the program
implementation, we also look at the effects on child health outcomes
registered in the endline survey. These results are reported in Table 3.5. The
table has the same structure as Tables 3.3 and 3.4.

Table 3.5: Program effects on health indicators

ITT LATE
ITT ITT + controls Rural/Urban  Rural/Urban
+ controls + controls
1) ) ®) 4)
Child was sick in the last 4 weeks
ITT=1 0.001 0.009
[0.029] [0.028]
ITT(LATE)*Rural -0.060** -0.148**
[0.027] [0.066]
ITT(LATE)*Urban 0.059 0.526
[0.043] [0.416]
Control mean 0.464 0.464
Control mean (rural) 0.525 0.525
Control mean (urban) 0.417 0.417
Sample 2513 2513 2513 2513
Child had a diarrhea in the last 2 weeks
ITT=1 -0.016 -0.014
[0.022] [0.021]
ITT(LATE)*Rural -0.049** -0.122**
[0.022] [0.054]

57 In fact, the estimation of the effects for these two indices can be considered falsification
tests, since no changes should be observed in these indicators as a result of the program.

%8 The acceptance dimension includes items such as mother shouting, scolding or hitting a
child, prohibiting or depriving them, expressing annoyance or hostility towards a child
during the survey enumerator visit. Arguably, caregivers can refrain from this kind of
behavior during the enumerator’s visit even if they do practice it regularly.
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ITT(LATE)*Urban 0.011 0.098
[0.033] [0.299]

Control mean 0.232 0.232

Control mean (rural) 0.269 0.269

Control mean (urban) 0.203 0.203

Sample 2513 2513 2513 2513

Child received health controls on time

ITT=1 0.011 0.021

[0.024] [0.025]

ITT(LATE)*Rural 0.051** 0.126**
[0.025] [0.059]

ITT(LATE)*Urban -0.000 -0.002
[0.039] [0.352]

Control mean 0.573 0.573

Control mean (rural) 0.535 0.535

Control mean (urban) 0.603 0.603

Sample 2513 2513 2513 2513

Notes: The outcomes presented in this table are binary variables taking value of one if the answer on the relevant
question is affirmative and zero otherwise. The results in columns (2) — (4) are from regressions that include
controls for child’s age in months, sex, has health card, >=4 antenatal care controls, caregiver can read, write,
education in years, marital status, indigenous, household size, number of rooms, home ownership, wealth index,
strata fixed effect, and are estimated using sampling weights. Standard errors in brackets are adjusted for
clustering at IU the level. Statistical significance: * 10%, ** 5%, *** 1%.

As seen in Table 3.5, in rural households, the program reduced the probability
of a child being sick in the last four week (by 0.06 - 0.148), reduced the
probability of diarrhea (by 0.049-0.122), and increased the probability of
getting the health check-ups on time (by 0.051-0.126). These findings are not
completely surprising. As mentioned earlier, the program home visitors were
identified by families as health professionals because the program was
implemented by the Ministry of Health. In addition, while home visitors were
not health workers, regional and national program coordinators were mostly
trained health professionals. Even though the intervention itself did not
include references to health care practices, anecdotal evidence exists that the
use of primary health services was encouraged by the program staff during
home visits.

3.6 Conclusions

This study presents the results of the impact evaluation of the home-visiting
intervention in Bolivia implemented as a second operational arm of the
“Grow Well to Live Well” program. The objective of the intervention was to
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improve child development over a comprehensive set of dimensions,
including communication, cognitive and socioemotional development. The
program targeted children between 6 and 36 months of age and consisted of
weekly 45-minutes home visits by trained community workers. During the
visits trained community workers worked with caregivers offering guidance
and counseling on parenting and early stimulation. These activities were
expected to improve caregiver’s knowledge about childcare and stimulation,
resulting in a better child-caregiver interaction and stimulation practices, and
ultimately translating into better child development outcomes.

The results of the evaluation show that the program had large and significant
Impact on development of children in rural households. Our main results are
for the overall ASQ-3 score, and they show that the program improved child
development in a range from 0.14 (ITT model) to 0.35 (LATE model) SD.
Across ASQ-3 dimensions, the program improved children’s
communication, fine motor, and problem solving skills. We also observe
program impacts on socio-emotional development measured by the index
based on PRIDI questionnaire (ranging from 0.049 to 0.122 points, depending
on the model). It is remarkable that these results were achieved with a
relatively low compliance (37%). Although the compliance was not perfect,
the households that did receive the visits did so according to the program
protocol.

We also observe large and statistically significant program effects on the
intermediate outcomes. Specifically, we observe that the program improved
parent-child interaction measured by the overall HOME score (in a range
from 0.146 to 0.362 SD), and induced more cognitive stimulation of children,
measured by the FCI child stimulation index (0.059-0.149 points, depending
on the model). Consistent with the program logic, we do not observe program
results on punishment practices and compliance with rules and routines.
Overall, these intermediate results corroborate that the plausible mediating
pathway for the observed impacts on child development is better quality of
child-caregiver interactions and stimulation. While not anticipated at the
program design, we also observe some improvements in child health
indicators. These results most likely occurred because the intervention was
implemented by the Ministry of Health and that the use of primary health
services was encouraged by home visitors.
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Regarding the urban areas, the evaluation did not find any effects on children
in urban households, except for the socio-emotional index. These results can
be explained by a particularly low program compliance (11%) in urban areas.
The project team investigated plausible causes of the low compliance rate and
identified several contributing factors such as staff shortage, household
migration, possible inconsistencies in the IUs’ boundaries used by survey
teams and program staff.

From the public policy perspective, the important aspect when choosing how
to spend scarce recourses is the intervention cost. According to the program
administrative records, the cost of home visits in rural areas was US$2,627
per child or $64.3 per one home visit. While these figures seem high, they are
in line with the cost of similar interventions.* It is also worth noting that if
the program is scaled up, the cost per child will most likely go down, and
even more so if it is possible to deploy the intervention upon already existing
public services infrastructure.® An alternative approach to reducing program
costs could be implementing the program curriculum through a less
expensive delivery model, for example, parenting interventions.®* Busso et al.
(2017) show that parenting interventions, in which groups of parents receive
training on childcare practices and stimulation, can be highly effective and
are relatively inexpensive.

In summary, the results of this impact evaluation show that, after a year of
exposure to the program and a total of 40 home visits on average, beneficiary
children in rural areas had significant improvements in their fine motor,
communicational and cognitive development. These developmental
improvements were most likely achieved through improvements in parent-
child interactions and an increase in the frequency and quality of early
stimulation activities, which are the main mechanisms by which the program
sought to influence children’s development. Given that the program was
implemented only in the prioritized municipalities, these results are
encouraging for a possible scalability, since they provide solid and rigorous

% Program Project Completion Report: https://www.iadb.org/en/project/bo-11064
(accessed on December 23, 2021).

0 Bos et al. (2021).

61 See, for example, Walker et al. (2015).
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evidence of the effectiveness of the intervention. The cost of the program is
high, but it is in line with costs of similar programs and could be reduced if
the program is implemented at scale. When scaling up, specific care should
be taken in supervision of the program implementation with the focus on
achieving higher compliance rate. Subsequent evaluations will be relevant to
show whether the program results in rural areas are sustained over time and
generate beneficial effects on children in the medium and long run.

3.7 Appendix

3.7.A Description of indices

1: Construction material index measures the quality of the household
dwelling’s construction materials. The index takes value of one if the
construction materials of roof, floor and walls are not precarious: roof is made
of resistant material which is not wood, straw, mud; floor is not bare earth or
loose bricks, walls are plastered. Higher index value indicates better quality
of construction materials. This index is based on the precarious bathroom
index in Bancalari et al. (2016).

2: Wealth Index combines information on the household’s ownership of
assets, dwelling characteristics and access to basic services. The wealth index
used in this study includes the information of the ownership of the following
assets: refrigerator, radio, television, living room set, air conditioning,
washing machine, microwave, stove, motorcycle, automobile, bicycle,
cellphone, landline phone, computer, tablet; the information on the sources
of water, fuel, electricity; availability of bathrooms, kitchen, quality of
construction material, roof and floor of the home; number of household
members per bedroom. The selection of the variables and the computation of
the index is based on the methodology used in the Demographic and Health
Surveys (DHS) Program (Rutstein and Johnson, 2004). The index ranges
from -2.1 to 2.66, with larger number corresponding to wealthier households.

3: Socio-emotional development index is the proportion of affirmative
answers to the following questions about the child's socio-emotional
development from the PRIDI study: does the child like to draw or paint ?; can
the child play 15 minutes or more without adult attention ?; does the child
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like to meet adults ?; does the child have a preference to play with favorite
friends ?; does the child worry about a known sick or injured person ?; does
the child has preferences for some games or activities ?; does the child cry
when the caregiver has to leave? The index ranges from zero to one, with
larger values indicating higher socio-emotional development.

4: Child stimulation index, or an index of participation in child activities, is
a proportion of positive answers to the six UNICEF Child Care Inventory
Indicators (FCI UNICEF) questions about mother’s involvement in the
following child stimulation activities: reading books, telling stories, singing
songs, walking outside, playing games, and naming objects, teaching
counting and drawing. The index ranges from zero to one, with higher value
indicating better child stimulation practices.

5: Severe discipline practices index is the proportion of the affirmative
answers to the FCI UNICEF inventory on the following disciplining
questions: shaking; shouting; hitting on the butt with the hand; hitting with
an object; calling foolish or lazy; hitting on the head, face, pulling ears; hitting
on the arm, hand or leg; beating up. The index ranges from zero to one, with
higher value indicating more severe discipline practices.

6: Rules and routines index is the proportion of affirmative answers to the
FCI UNICEF questions about the rules and routines regarding food the child
should eat, the child’s bedtime, chores, the moments when the family gets
together. The index ranges from zero to one, with higher value indicating
more rules and routines.
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3.7.B Program effects on raw scores

Table 3.7.B1: Program effects on child development (ASQ-3 raw score)

ITT LATE
ITT ITT + controls Rural/Urban  Rural/Urban
+ controls + controls
Overall ASQ-3 1) (2) (3) 4)
ITT=1 0.339 0.496
[0.503] [0.472]
ITT(LATE)*Rural 1.176** 2.942**
[0.528] [1.250]
ITT(LATE)*Urban -0.003 -0.008
[0.719] [6.406]
Control mean 37.296 37.296
Control mean (rural) 35.679 35.679
Control mean (urban) 38.541 38.541
Sample 2499 2499 2499 2499
Communication ASQ-3
ITT=1 0.437 0.464
[0.643] [0.638]
ITT(LATE)*Rural 1.943*** 4.844***
[0.727] [1.714]
ITT(LATE)*Urban -0.620 -5.483
[0.934] [8.509]
Control mean 35.651 35.651
Control mean (rural) 33.979 33.979
Control mean (urban) 36.939 36.939
Sample 2499 2499 2499 2499
Gross Motor ASQ-3
ITT=1 -0.021 0.110
[0.832] [0.793]
ITT(LATE)*Rural -0.385 -0.951
[0.776] [1.948]
ITT(LATE)*Urban 0.473 4.200
[1.246] [11.377]
Control mean 40.096 40.096
Control mean (rural) 39.023 39.023
Control mean (urban) 40.924 40.924
Sample 2499 2499 2499 2499
Fine Motor ASQ-3
ITT=1 0.637 0.871
[0.671] [0.637]
ITT(LATE)*Rural 1.769** 4.429**
[0.784] [1.936]
ITT(LATE)*Urban 0.213 1.930
[0.939] [8.368]
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Control mean 36.024 36.024

Control mean (rural) 33.933 33.933

Control mean (urban) 37.635 37.635

Sample 2499 2499 2499 2499

Problem Solving ASQ-3

ITT=1 0.125 0.331

[0.673] [0.679]

ITT(LATE)*Rural 2.079*** 5.174***
[0.810] [1.933]

ITT(LATE)*Urban -0.950 -8.412
[0.983] [9.005]

Control mean 35.150 35.150

Control mean (rural) 32.458 32.458

Control mean (urban) 37.225 37.225

Sample 2499 2499 2499 2499

Socio-individual ASQ-3

ITT=1 0.515 0.702

[0.580] [0.542]

ITT(LATE)*Rural 0.476 1.213
[0.664] [1.596]

ITT(LATE)*Urban 0.867 7.726
[0.806] [7.693]

Control mean 39.556 39.556

Control mean (rural) 39.000 39.000

Control mean (urban) 39.985 39.985

Sample 2499 2499 2499 2499

Notes: Scores for the overall, communication, gross motor, fine motor, problem solving, and socio-
individual dimensions were computed using questionnaires adapted from the Ages and Stages
Questionnaires, 3 edition. (ASQ-3). The ASQ-3 test score is computed for each of the 13 age
groups. The answers are scored 0 (No), 5 (Sometimes), 10 (Always). The raw ASQ-3 score can take
values from 0 to 60 in each dimension. The results in columns (2) — (4) are from regressions that
include controls for child’s age in months, sex, has health card, >=4 antenatal care controls, caregiver
can read, write, education in years, marital status, indigenous, household size, number of rooms,
home ownership, wealth index, strata fixed effect, and are estimated using sampling weights.
Standard errors in brackets are adjusted for clustering at 1U the level. Statistical significance: * 10%,

** 5%’ *k%k 1%
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Table 3.7.B2: Program effects on parent-child interaction (HOME raw

score)
ITT LATE
ITT ITT + controls ~ Rural/Urban  Rural/Urban
+ controls + controls
Overall HOME @ 2 3 4
ITT=1 -0.097 -0.042
[0.154] [0.146]
ITT(LATE)*Rural 0.300*** 0.741***
[0.114] [0.275]
ITT(LATE)*Urban -0.294 -2.624
[0.237] [2.102]
Control mean 8.542 8.542
Control mean (rural) 8.075 8.075
Control mean (urban) 8.905 8.905
Sample 2513 2513
Responsiveness
HOME
ITT=1 -0.062 -0.010
[0.144] [0.141]
ITT(LATE)*Rural 0.362*** 0.896***
[0.106] [0.255]
ITT(LATE)*Urban -0.284 -2.527
[0.226] [2.050]
Control mean 3.942 3.942
Control mean (rural) 3.493 3.493
Control mean (urban) 4.290 4.290
Sample 2513 2513
Acceptance HOME
ITT=1 -0.035 -0.033
[0.039] [0.038]
ITT(LATE)*Rural -0.062 -0.156
[0.047] [0.117]
ITT(LATE)*Urban -0.011 -0.097
[0.055] [0.485]
Control mean 4.601 4.601
Control mean (rural) 4.582 4.582
Control mean (urban) 4.615 4.615
Sample 2513 2513

Notes: The HOME inventory short version has 2 dimensions: responsiveness and acceptance. The
responsiveness dimension has 6 items, and acceptance dimension has 5 items. Items in the
responsiveness dimension are scored yes = 1, no = 0, items in the acceptance dimension are scored
yes =0, no = 1. The total score in each dimension is the sum of the item scores. The maximum score
in the responsiveness dimension is 6, 5 in the acceptance dimension, and 13 in the overall score. The
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results in columns (2) — (4) are from regressions that include controls for child’s age in months, sex,
has health card, >=4 antenatal care controls, caregiver can read, write, education in years, marital
status, indigenous, household size, number of rooms, home ownership, wealth index, strata fixed
effect, and are estimated using sampling weights. Standard errors in brackets are adjusted for
clustering at 1U the level. Statistical significance: * 10%, ** 5%, *** 1%.
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Chapter 4: More Money More Learning? Evidence from Exogenous
Spending Variation in Brazil

4.1 Introduction

Does increase in spending on education matter for student achievement?
Policy makers and practitioners are under constant pressure of stakeholders
demanding better quality of education. Thus, it is essential to understand
whether achieving these results implies higher costs and additional resources
that likely avert funds from other demands on public expenditure or increase
tax burden. Given policy objectives of improving education quality and
achieving better student outcomes, how much do we know about the
effectiveness of providing additional resources for achieving these goals? The
effectiveness of resource-based policies in education was under scrutiny since
Coleman Report (Coleman et al., 1966). Hanushek (2003, 2006) concludes
that there is little evidence of the relationship between increase in resources
for education and changes in student outcomes. On the other hand, recent
rigorous research finds that increasing funding for education can improve
student outcomes (Jackson et al., 2016; Lafortune et al., 2018). It is not clear
how these two results can be reconciled (Hanushek, 2003). Among suggested
explanations, it was pointed out that the way how money in education is spent
can be as relevant (or even more so) as the level of provided resources (Vegas
and Coffin, 2015). All in all, as of today, there is no consensus on whether
additional educational spending translates into better student outcomes.

In this study | use the data from a sample of Brazilian municipalities to
analyze the effect of educational expenditure on student test scores. To
address the endogeneity problem stemming from spending decisions, |
exploit the allocation mechanism of the federal transfer Fundo de
Participacdo dos Municipios (FPM) across Brazilian municipalities. In this
allocation mechanism, the amount of transfer received by municipalities is
determined by their population size, which generates exogenous and
discontinuous jumps in the funds received by municipalities at given
population thresholds. These discontinuities provide a source of exogenous
variation in resources available to local governments which I exploit in the
identification strategy. Specifically, | implement an instrumental variables
(1V) approach in which endogenous discretional spending on education is
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instrumented with federal transfers, which | compute using the transfer
allocation formula.

This study contributes to several strands of literature. First, this evaluation
contributes to a growing body of literature evaluating the effect of
unconditional or unrestricted resources available for spending on education.
Specifically, the study provides evidence of the unconditional spending on
education in a developing country, while most existing evidence on this kind
of spending comes from developed countries. The existing evaluations
identify the effects by exploiting plausible exogenous changes in spending
induced by school finance reforms (Card and Payne, 2002; Guryan, 2001;
Jackson et al., 2016; Lafortune et al., 2018), Great Recession (Jackson et al.,
2018), state financing formulas of school districts (Gigliotti and Sorensen,
2018; Papke, 2005), changes in property values (Miller, 2017), geographical
discontinuities (Gibbons et al., 2017). Several recent rigorous studies present
evidence of causal effects of educational spending on long-run outcomes,
such as college enrollment and attainment (Hyman, 2017), labor market
outcomes (Jackson et al., 2016) and poverty and crime (Johnson and Jackson.,
2017).

This study also adds to the literature that evaluates the impact of providing
more educational resources in developing countries. The main contribution is
that this study focuses on unconditional education spending, while the
evidence from developing countries comes mostly from experimental
evaluations of programs providing resources earmarked for specific spending
categories, such as materials (Das et al., 2013), textbooks and school supplies
(Mbiti et al., 2018), textbooks and classroom constriction (Glewwe et al.,
2009). In the Brazilian context, existing literature focuses on estimating the
effects of the equalization Fund for Maintenance and Development of Basic
Education and Teacher Appreciation (FUNDEF), which redistributes
resources earmarked for basic education within states between municipalities
(Haddad et al., 2017; Gordon and Vegas, 2004). In this study, | estimate the
causal effect of educational spending on student achievement in the short run.
To this end, | exploit a plausibly exogenous variation in the discretional
expenditure on education in Brazilian municipalities stemming from sharp
discontinuities in federal transfers at population thresholds.
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Finally, this study contributes to the literature by exploiting an exogenous
change in resources available to local governments. For the specific case of
the FPM transfer, several studies have utilized its allocation rule to identify
the impact of actual FPM using Regression Discontinuity design (e.g., Brollo
et al., 2013; Bastos and Straume, 2016). To the best of my knowledge, this is
the first study that uses the FPM allocation rule to study the short-run causal
effects of unconditional educational spending on student outcomes.
Specifically, |1 implement an instrumental variables (I\V) approach, which
provides a credible source of exogenous variation in spending on education.
The validity of the empirical strategy used in this study hinges on the
assumption that there are no other mechanisms through which changes in
federal transfers at population thresholds affect student achievement other
than discretional spending on education. I provide much evidence suggesting
that federal transfer is a strong and plausible exogenous instrument.
Specifically, | show that there is a statistically significant relationship
between federal transfers and endogenous discretional spending on
education. | also provide evidence that there is no selective sorting of
municipalities at population thresholds which generate discontinuities in the
transfers and spending on education. Finally, I show that there is no
relationship between federal transfers and student outcomes that are not
affected by changes in discretional spending on education but are potentially
affected by changes in other spending chapters such as health or social
protection.

The results indicate that a 1% increase in federal transfer leads to an increase
in total spending on education by 0.17% and an increase in discretional
spending on education by 0.38%. This change in resources translates into an
increase in standardized test scores. Specifically, | find that each 10%
increase in spending on education boosts students test scores by about 0.13
of a standard deviation (SD). These estimates are very similar to the results
reported in other studies: Jackson et al. (2018) find that a decrease in funding
to schools by 10% lead to a decline in test scores by about 0.078 of a SD, and
Lafortune et al. (2018) find that the similar increase in spending improved
student achievement between 0.12 and 0.24 of a SD. | also explore the
mechanisms through which additional resources available for spending on
education affect student achievement. To this end | look at the relationship
between spending on education and levels of school inputs. The results show
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that traditional school inputs, such as class size, teacher level of education
and quality of school infrastructure, do not mediate the relationship between
increase in spending and changes in student achievement.

The reminder of this chapter is structure as follows. Section 4.2 reviews
recent empirical evidence on the relationship between educational spending
and student achievement. Section 4.3 presents the FPM transfer and explains
its allocation mechanism. Section 4.4 describes the data. Section 4.5 presents
the econometric strategy. The results are reported in Section 4.6. Section 4.7
concludes. Some additional results and information are presented in the
Appendix section 4.8.

4.2 Related literature

The literature on the effects of spending on education can be grouped into
two large strands. The first strand evaluates the effects of unconditional
and/or unrestricted additional resources. The second strand evaluates the
effect of additional funds earmarked for specific spending items or school
inputs. This study contributes to the first strand of the literature evaluating
the effect of unconditional or unrestricted resources available for spending on
education. To the best of my knowledge, this is the first study that evaluates
short run causal effect of an increase in educational spending on test scores
in the context of a developing middle-income country using an IV strategy.
While there are studies that estimated effectiveness of educational spending
on student achievement using instrumental variables (Jackson et al., 2018;
Miller, 2017), this is the first one that uses as an instrument federal transfers
computed using the transfer allocation formula.

Several recent studies have contributed to the body of the research on
unconditional spending on education.®? Most of these studies use the event-
based approach and exploit large and permanent increases in school spending
stemming from the passage of the School Finance Reforms (SFR) in the
United States (US). For example, in a recent study Lafortune et al. (2018) use

82 For studies that evaluate the effects of earmarked spending in developed countries see,
e.g., Dragoset et al. (2017), Gamse et al. (2008), Martorell et al. (2016), Leuven et al.
(2007). For studies in developing countries, see, e.g., Carneiro et al. (2015), Das et al.
(2013), Pradhan et al. (2011), Mbiti et al. (2018), Glewwe et al. (2009).
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the US National Assessment of Educational Progress (NAEP) data to
evaluate the impact of post-1990 SFR on spending and achievement of low-
income school districts. The study exploits the plausible randomness in the
reforms timing in an event-study framework. The authors conclude that
reforms lead to increases in spending in low-income school districts and
increased the district-level student achievement. They find that the implied
impact of the increase in the annual spending by 10%°% is between 0.12 and
0.24 SD of student test scores. Card and Payne (2002) analyze the
consequences of the SFR in 1980s. They find that states where school finance
system was declared unconstitutional increased funding of low-income
districts, which helped closing the gap in spending between richer and poorer
districts. In this study the effect of closing spending gaps on student
achievement is estimated using the self-selected sample of SAT-takers. The
findings show that equalization of spending leads to narrowing of test score
outcomes across family background groups. Another related study is the work
by Jackson et al. (2018) evaluating the effect of educational spending cuts
induced by the Great Recession of 2008 on student outcomes. Using the panel
data covering 2000-2015, the authors employ an IV approach instrumenting
educational spending with the interaction between the share of state
educational K12 spending and the number of years post-recession. Using the
NAEP test scores data, they find that a 10% decline in per student spending
led to decline in test scores by 0.078 of a SD. A study by Miller (2017) uses
different IV approach to estimate the effects of spending on student
achievement. Miller (2017) instruments the endogenous spending with a
simulated school revenue calculated by interacting changes in property values
with fixed school finance formulas. Using 2009-2013 Stanford Education
Data Archive test scores, he finds that a 10% increase in spending increases
fourth grade test scores by about 0.09 SD. Among studies that evaluate the
effects of SFR on other dimensions including some educational outcomes,
Jackson et al. (2016) find that a 10% increase in annual per student spending
induced by SFR lead to 0.31 more completed years of education, 7% higher
wages, 3.2 percentage point reduction in adult poverty. Johnson and Jackson
(2017) find that an increase in K12 spending raised educational attainment
and earnings, and reduced likelihood of poverty and incarceration in
adulthood.

83 Lafortune et al. (2018) report the effects for $1,000 spending increase, which is roughly
10% of the average spending $9,540.35 (footnote 2 in Jackson et al., 2018).
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In regard to evaluation of the effects of spending on education in the short
run, Gigliotti and Sorensen (2018) evaluate the effect of a plausible
exogenous variation in a per-student expenditure stemming from the New
York State aid formula which allows school districts to keep the levels of
state aid when their student enroliment declines. They find that an additional
per-student spending of 10% can increase educational performance from
about 0.03 SD to 0.09 SD.%* Papke (2005) estimates the effect of a change in
per-pupil expenditure induced by the state educational aid resulting from
Michigan’s school finance reform. She finds that a 10% increase in per-
student spending is associated with a two percentage point increase in the
pass rate on the end of the year examination.

This study also relates to the literature that examines the effects of
educational funding in Brazil. While | evaluate the effect of changes in
discretional unrestricted spending on education induced by changes in the
federal transfer, other studies evaluate changes in resources available to
Brazilian municipalities through the state transfer FUNDEF. For example,
Haddad et al. (2017) examine the effect of changes in FUNDEF on student
test scores using the panel data for a period 2003-2009. The authors use an
IV approach exploiting the information prior to the reform that introduced
FUNDEF to construct a simulated FUNDEF transfer and use it as an
instrument for the actual FUNDEF transfer. They find that increasing
FUNDEF resources translate into a small increase in test scores. Gordon and
Vegas (2005) investigate the effect of FUNDEF on enrollment, school
spending, teacher credentials, class size and student achievement. Using the
same methodology as Haddad et al. (2017), Gordon and Vegas (2004) find
that FUNDEF-induced spending increases enrollment, reduces class size and
helps meet federal mandate stipulating that teachers must have at least a
secondary education degree. They do not find that FUNDEF-induced
spending improves student outcomes, except for some evidence for low-
achieving and non-white students.®°

8 Gigliotti and Sorensen (2018) estimate an increase in test scores from 0.015 to 0.045 SD
stemming from an increase of $1,000 in per student spending, which is less than 5% of
average education spending in New York.

8 For a review of other studies that analyze the effects of FUNDEF see Haddad et al.
(2017).
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4.3 The FPM transfers

Brazil is one of the most decentralized federal countries in the world. Its
government is structured into three tiers: Federal government (Union), State
and Municipal governments. Administratively, Brazil is composed of one
Federal district (where the capital city Brasilia is located), 26 States and over
5,500 municipalities. Both states and municipalities have autonomous
administrations, they collect their own taxes and receive transfers from the
higher tier governments. State governments are responsible for maintaining
state highway systems, low-cost housing programs, public infrastructure,
telephone companies, and transit police. Both state and municipal
governments are responsible for public primary and secondary schools and
public hospitals. Municipal governments are also responsible for water,
sewerage, and garbage services.

The revenue of municipalities consists of resources received from federal and
state governments and the revenue from local taxes. A large part of the
resources available for spending on public goods provided by local
governments comes from federal and state transfers. An important source of
funding is the federal transfer FPM. In the sample of municipalities used in
this study, this transfer represents about 60% of all transfers received by local
governments and 30% of their total revenue. FPM is an automatic federal
transfer to local governments. The law mandates that 25% of its resources
must be allocated to spending on education.®® 15% of the FPM funds is
automatically “discounted” to the state fund FUNDEF,®" which further
redistributes resource across municipalities to cover mandatory primary
education spending. After the FUNDEF discount, at least 10% of the FPM
must be spent on education.

This study focuses on the FPM transfer because of its unique feature, which
Is its assignment rule that establishes that the amounts received by local
governments are defined by population of municipalities. According to this
assignment rule, the FPM transfer received by municipalities jumps

% Mandated by the Federal Constitution. Other than this restriction, distribution of the FPM
transfer across expenditure chapters is unregulated.

67 For details on the FUNDEF fund and other institutions involved in financing Brazilian
system of fundamental education see Appendix 4.8.A.
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discontinuously at given population thresholds. These discontinuities provide
exogenous variation in levels of resources received by local government
which I exploit in the IV approach.5®

The FPM allocation mechanism groups municipalities in population brackets.
These population brackets determine the coefficient which is applied to the
share of the FPM transfer received by the state. Municipalities with higher
population brackets have larger coefficient and hence receive more FPM
funds, while municipalities with lower population brackets have smaller
coefficients and receive less FPM funds. Each of 26 states receives its own
share of the FPM. This share is than redistributed within state according to
coefficients that change depending on population.®

Specifically, let FPM;,, be the transfer received by municipality i in state k
in year t. The FPM transfer allocation mechanism works as follows:

FPM,, w;
FPMy, = ————
Diek W;

Where FPM,; is the amount assigned to the state k in year t, w; is the FPM
coefficient of municipality i determined by the i’s municipality population
size.

In defining the sample of municipalities in this analysis, | follow Brollo et al.
(2013) and focus on municipalities with the population above 6,792
inhabitants and below 50,940.7° These municipalities represent about 90% of
all Brazilian municipalities and 34% of the total population. The sample

%8 Several studies have utilized the FPM allocation rule to identify the impact of actual FPM
transfers using the Regression Discontinuity (RD) design. For example, Brollo et al. (2013)
evaluate the effect of the FPM on corruption using fuzzy RD design, Litschig and Morrison
(2013) look at the effect of the transfers on development outcomes using sharp RD design,
Bastos and Straume (2016) use fuzzy RD design to measure the effect of the FPM on
enrollment in public and private preschools.

% The allocation of the FPM transfer to state capitals and the federal district Brasilia does
not follow the general rule. Therefore, the state capitals and the federal district are excluded
from the analysis.

0 As noted in Brollo et al. (2013), imposing these limits on the sample restricts the
interpretation of the results to municipalities of similar size excluding very large and very
small municipalities.
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covers seven population thresholds: 10,189; 13,585; 16,981; 23,773; 30,564;
37,356; and 44,148. The intervals between the first three thresholds are 3,396,
while the intervals between the following four thresholds are twice as large
(6,792). Table 4.1 shows the population brackets and the associated FPM
coefficients w;,.

Table 4.1: FPM coefficients, actual and theoretical transfers

1 ) ©) (4) (%)
Population . Actual Theoretical Municipalities
Bfackets FPM Coefficient transfers transfer in yearp 2006

6,793 — 10,188 0.6 1.58 1.56 482
10,189 — 13,584 0.8 2.11 2.12 381
13,585 — 16,980 1 2.64 2.67 297
16,981 — 23,772 1.2 3.15 3.19 421
23,773 — 30,564 1.4 3.67 3.73 236
30,565 — 37,356 1.6 4.22 4.27 154
37,357 — 44,148 1.8 4.65 4,73 102
44,149 — 50,940 2 5.23 5.32 56

Notes: Actual and theoretical FPM transfers are in constant million US dollars in 2016;
Sample comprises municipalities with test scores data in 2007 and spending and school
inputs data in year 2006 for which all spending variables are positive and reported spending
on education is at least 25% of total revenue.

The coefficient w; is assigned to each municipality by the Brazilian Federal
Court of Audit (TCU). The assignment of coefficient is done annually and is
based on the population estimates for the previous year calculated by
Brazilian Institute of Geography and Statistics (IBGE).” In this analysis I use
the IBGE population estimates to calculate theoretical FPM transfers. As seen
in columns three and four of Table 4.1, the IBGE population estimates do not
perfectly predict the actual FPM transfers. While the process that IBGE
follows in producing its population estimates makes manipulation of these
figures unlikely, it was noted in Brollo et al. (2013) that discrepancies may
occur because of the imperfect adjustments of coefficients when
municipalities split or merge, or other distortions in the FPM allocation
procedure.

1 IBGE employs a top-down method for population estimates. That is, the estimation of population
at municipal level must be consistent with the estimates at the state level, which in turn must be
consistent with population estimates at the federal level. The Online Appendix for Brollo et al. (2013)
provides a detailed description of the process followed by IBGE for computation of population
estimates.
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4.4 Data and descriptive statistics

4.4.1 FPM transfers and population data

For the actual FPM transfers received by each municipality | use the FPM
data for years 2002-2006 from the Brazilian National Treasury.’? The main
analysis focuses on the data for year 2006, but | also present the estimations
using 2002-2005 FPM data.

I compute the theoretical FPM transfers using the allocation rule described in
the previous section and apply it to the IBGE population estimates reported
on the IBGE website.”® Since the amount of the federal transfer received by
each municipality is computed according to the IBGE estimates of population
In previous year, | use population estimates in year t-1 to compute the
theoretical FPM transfers in year t. Specifically, | use population data in year
2005 to compute theoretical transfers that municipalities would receive in
year 2006, population data in 2004 to compute theoretical transfers received
in 2005, and so on.

The third and the fourth columns of Table 4.1 show the actual and the
theoretical FPM transfers received by each municipality in year 2006 by
population brackets. As seen, the average actual transfers are very similar to
the theoretical transfers based on the IBGE population estimates. On average,
a municipality received US $2,799 million in 2006.”* The average of the
predicted transfers is slightly larger and amounts to US $2,826 million. There
are 2,129 municipalities in the analytical sample, and about 74% of them are
in the first four population brackets.

Figure 4.1 depicts the FPM transfers against population. Panels in the top row
show the relationship for the transfers expressed in levels, while the bottom
row show the relationship for the transfers expressed in natural logarithm
(logs). Panels on the left are for theoretical transfers, and panels on the right

2 https://www.tesourotransparente.gov.br/temas/estados-e-municipios/transferencias-a-
estados-e-municipios (accessed on October 3, 2021).

3 https://www.ibge.gov.br/estatisticas-novoportal/sociais/populacao/9103-estimativas-de-
populacao.html?=&t=downloads (accessed on October 3, 2021).

" All monetary amounts are expressed in constant US 2016 dollars.
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are for the actual transfers. The circles of the scatterplot correspond to the
local means where the FPM transfers are averaged over cells of 100
inhabitants. The black lines are the smoothed averages computed separately
for each population bracket. The labels on the horizontal axis and vertical
lines show the population thresholds that delimit population brackets. As
seen, there are clear jumps in both theoretical and actual FPM transfers at
population thresholds. The jumps are similar in size across all thresholds and
amount to about US $0.5 million. Also, note that there is a variation in
transfers received by municipalities within the population brackets. This
happens because different states receive different shares of the FPM transfers
which are afterwards distributed across municipalities according to the
population thresholds.

Figure 4.1: Actual and theoretical FPM transfers

Theoretical FFM transfers
Actual FPM transfers

“Popuiation B o “Population
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Log theoretical FEM transfers
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Notes: Actual and theoretical FPM transfers are shown in constant million US dollars in
2016. The sample comprises municipalities with population between 6,793 and 50,940
inhabitants, with the test scores data in 2007 and spending and school inputs data in year
2006, for which all spending variables are positive, test scores data is available, and
reported spending on education is at least 25% of the total revenue.
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4.4.2 Education financing data

Municipal revenue and spending data was retrieved from the Brazilian
National Treasury portal.” This data is an accounting register which shows
revenues and expenditures by spending and revenue chapters. Unlike
administrative federal transfer data, municipal spending and revenue is self-
reported by municipalities. Thus, a concern in regard to the data quality may
arise. To ensure the quality of the data, | rely on the Brazilian Constitution
mandate that municipalities must spend at least 25% of their revenue on
education. | use this rule and limit the initial sample of municipalities to only
those for which the reported spending on education is at least 25% of the
reported total revenue. Municipalities that pass this restriction make up the
main study sample.®

To facilitate the interpretation of the results, | transform all spending and
revenue variables in logs and use the transformed variables in all estimations.
To keep the number of observations constant across all estimations, | restrict
the main sample to the observations for which spending and revenue variables
are nonzero and test scores are reported. The municipalities included in the
sample after this restriction make up the analytical sample.”” | check the
quality of the data in the analytical sample by looking at the correlation
between the FPM transfer self-reported by municipalities and the FPM
transfer registered in the administrative data. | find that in year 2006 the
correlation is 0.98, while in years 2002-2005 the correlation ranges from 0.89
to 0.98.

The descriptive statistics of spending and revenue variables are presented in
Panel A of Table 4.2. The first and the second columns of Table 4.2 show
means and standard deviations of the variables in the main sample, which
comprises municipalities observed in 2006 with population between 6,793
and 50,940 inhabitants and spending on education at least 25% of the total
revenue. The third and the fourth column show the means and standard

> The data was obtained from the Brazilian National Treasury portal in 2019 from the
electronic link https://www.tesouro.fazenda.gov.br/finbra-financas-municipais (accessed
on May 20, 2019).

6 Application of this rule reduces the initial sample of municipalities by 7%.

" Moving from the main sample to the analytical sample reduces the number of
observations by 3%.
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deviations of the variables in the analytical sample, where | keep the main
sample observations for which all spending variables are positive and test
scores data is reported.

Table 4.2: Summary statistics

Main sample Analytical sample
Variable Mean SD Mean SD
Panel A: Revenue and Spending
Theoretical FPM transfer 2.80 1.06 2.83 1.06
Actual FPM transfer 2.78 1.04 2.79 1.04
Total revenue 9.56 6.22 9.67 6.28
Total spending 9.57 6.13 9.68 6.18
Spending on education 3.23 2.03 3.27 2.04
Mandatory spending on education* 1.79 112 1.81 112
ga‘ég:)onrﬂ spending on 1.44 1.24 1.46 1.25
Panel B: Population and enrollment
Population 18,533.2  10,226.79 18,701.92 10,267.01
Total enrollment 1,877.37 1,197.29 1,896.08 1,196.82
Enrollment in municipal schools 1,519.78 1,080.18 1,547.76 1,072.66
Panel C: Inputs in Municipal
Schools
Class size 23.04 4.16 23.19 4.03
Share teachers with higher education 0.33 0.29 0.33 0.29
Share schools with electricity 0.98 0.06 0.98 0.05
Share schools with water supply 0.73 0.27 0.74 0.26
Share schools with sewerage 0.32 0.38 0.33 0.38
Share schools with playground 0.09 0.21 0.09 0.21
Share schools with computer room 0.15 0.28 0.16 0.28
Share schools with library 0.29 0.33 0.29 0.33
Number of municipalities 2,199 2,199 2,129 2,129

Notes: *Mandatory spending on education amounts to resources received by municipalities
from FUNDEF fund. **Discretional spending on education is Spending on education
minus FUNDEF. Absolute monetary values are expressed in constant million US dollars in
2016. Main sample comprises municipalities with population between 6,793 and 50,940
inhabitants with test scores data in 2007 and spending and school inputs data in year 2006
for which reported spending on education is at least 25% of total revenue. Analytical
sample is restricted to observations with positive spending variables and non-missing test
scores data.

As shown in the first column of Table 4.2, the average municipality in the
main sample received in 2006 US $9.56 million in total revenue and spent
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slightly more — US $9.57 million. The average spending on education was
US $3.23 million” and the average FPM transfer was US$ 2.8 million. The
FUNDEF resources represented about 55% of the total spending on
education. On average, municipalities allocated $1.44 million to the
discretional spending on education. This discretional spending is the
endogenous variable that | use in the analysis to estimate the effect of changes
in the education expenditure on student achievement. | use this specific
indicator of education expenditure because it represents the funds that are not
affected by any specific spending chapter.

4.4.3 Student achievement and school inputs data

The measure of student achievement is the national standardized test Prova
Brasil. Prova Brasil data is available online from the National Institute of
Studies and Research (INEP).”® The test started in 2005 and is administered
every 2 years. In the analysis | use the 2007 Prova Brasil round. In this year
the test was taken in all public schools with at least 30 students.®® Students
take the test at the exit of primary school (grade 4) and secondary school
(grade 8). While primary school attendance is mostly universal, dropout rate
in secondary education in Brazil is one of the largest among the OECD
countries (OECD, 2018). Because additional resources may affect the
composition of who takes the exit exam in secondary school, | limit the
analysis to fourth grade test scores. Since | analyze the effects of the
municipal educational spending, in the main analysis | use fourth grade tests
scores in the municipal schools. In the falsification tests I also use fourth
grade test scores in the state schools. For the purposes of the analysis, | use
math and language test scores. | also compute a combined test score as the
average of raw test scores in math and language. | standardize raw test scores

8 This gives a per student spending of US $1,704 which is larger than per primary student
spending computed using the World Bank World Development Indicators WDI (According
to WDI, in US dollars of 2015 Brazil spent $1,205 per primary education student in 2006
and $1,334 in 2007). This discrepancy may happen because the spending data is for all
levels of education, but the enrollment data is only for primary education students.

" http://portal.inep.gov.br/educacao-basica/saeb/resultados (accessed on October 3, 2021).
8 1n 2005 Prova Brasil test was administered only in urban schools with at least 20 students
enrolled. I do not use 2005 Prova Brasil data because the sample consists mostly of rural
and small urban municipalities underrepresented in the 2005 round. The test was also
administered in 2009 and 2011, but because of the changes in the denomination of primary
and secondary education it was administered in grades 5 and 9.

110


http://portal.inep.gov.br/educacao-basica/saeb/resultados

to mean zero and standard deviation one and aggregate them at the
municipality level weighting by the number of test takers.

To explore the mechanisms through which the changes in the level of
resources affect test scores, | look at the relationship between transfers and
school inputs. For school inputs | employ the school census data, which is
available on the INEP webpage® for years 2002-2006. Brazilian school
census is compulsory. It is conducted annually by the Ministry of Education
in cooperation with the state-level education departments. School census
gathers the data on student enrollment, teachers, infrastructure, among other
information. The quality of the census data is verified in yearly inspections
in a random sample of schools.

From the school census | use the information on the number of students and
the number of classes to compute the class size. | also use the information on
the number of teachers by the level of education to compute the share of
teachers with tertiary education. Finally, | use the binary indicators of the
availability of school infrastructure and equipment (whether school has
electricity, water supply, sewerage, playground, computer room and library)
and, following Katz et al. (2001), I construct an index of school infrastructure
quality.

Summary statistics on the school inputs are reported in Panel C of Table 4.2.
In the sample of analyzed municipalities, the average class has 23 students.
About one third of teachers have tertiary education. Almost all schools have
electricity. The coverage of the water supply is lower —about 73% — and only
about one third of schools have sewerage. Computer rooms are available in
15% of schools, almost 30% of schools have libraries and only 9% of schools
have playgrounds.

4.4.4 Time invariant characteristics of municipalities

To check sorting of municipalities around population thresholds | perform
the balance tests on observable pre-determined characteristics of
municipalities. To this end, | use the data on the time invariant attributes of

81 https://www.gov.br/inep/pt-br/acesso-a-informacao/dados-abertos/microdados (accessed
on October 3, 2021).
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municipalities available from the Brazilian Institute of Research in Applied
Economics (IPEA). More specifically, | look at the following attributes
defined at the municipal level: the area of the municipality (measured in
squared kilometers), the geographical location (altitude, latitude, longitude),
the distance to the state capital and to the federal union capital. In addition, |
also test for balance on proxies of pre-treatment development indicators
measured by income per capita and the share of black population reported in
the 1991 population census. The results of this analysis are presented in
Section 4.6.1.

4.5 Econometric strategy

The objective of this study is to estimate the causal effect of educational
spending on student achievement. The key challenge of this analysis is the
potential bias in the relationship between public spending on education and
student outcomes. This bias may occur for different reasons. For example,
municipalities might be willing to spend more on education because they are
wealthier or value education more, which by itself may be correlated with
student achievement. Hence, the estimation of a simple Ordinary Least
Squares regression of student outcomes on educational spending would most
likely yield biased estimates. If panel data is available, a possible solution
could be analyzing the changes within municipalities over time. In this case,
all potential sources of bias that are constant in time would be controlled for.
However, we would still have to deal with the sources of bias that are not
constant over time. Another solution consists in looking at the variation in
education spending that occurs because of the reasons unrelated to other
policies and changes that might affect student outcomes. This is the strategy
that I use in the analysis.

To estimate the causal effect of educational spending on student achievement
| exploit plausible exogenous variation in spending on education induced by
changes in the theoretical FPM transfer at population thresholds. The causal
interpretation of the results hinges on the assumption that student test scores
in municipalities with different levels of theoretical FPM transfer are not
differentially affected by the changes in the theoretical FPM for reasons other
than through educational spending. This requires, first of all, that the
theoretical FPM transfer is a good shifter of spending on education. As it was
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explained in Section 4.3, a share of the actual FPM transfer must be allocated
by municipalities on discretional educational spending. The evidence
presented in Table 4.1 and Figure 4.1 shows that the actual and theoretical
FPM transfers have similar levels and exhibit similar jumps at population
thresholds. On Figure 4.2 | present the results of the same analysis as in
Figure 4.1 for spending on education and discretional spending on education.
The jumps in spending variables are observed at almost all FPM population
thresholds, even though the changes in the levels of spending variables are
not as sharp as they are in the theoretical and actual FPM transfers. Given this
evidence, | argue that the theoretical FPM is a strong instrument for
educational spending. | formally test this assertion in Section 4.6.2 where |
estimate the reduced form relationships between the theoretical FPM
transfers and spending variables.
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Figure 4.2: Spending on education at FPM population thresholds
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Notes: The figure shows discretional spending on education and total spending on
education at population thresholds. Spending variables are in constant million US dollars
in 2016. Sample comprises municipalities with population between 6,793 and 50,940
inhabitants with test scores data in 2007 and spending and school inputs data in year 2006
for which all spending variables are positive, test scores data is available, and reported
spending on education is at least 25% of total revenue.

The second requirement for the estimates to have causal interpretation is that
the theoretical FPM transfer is, in fact, an exogenous instrument. | focus the
analysis on exploiting of changes in the theoretical FPM at given population
thresholds. Therefore, so long as the changes in the instrument at these
thresholds are not related to student achievement, through the mechanisms
other than spending on education, we could claim that the instrument is
exogenous. This implies that, first of all, there are no other policies and
programs in place other than FPM that exploit these population thresholds.
This concern was explored in Brollo et al. (2013), and Litschig and Morrison
(2013). To my knowledge, there are no other programs that used these same
cutoffs in the period of analysis. Second, there should not be any strategic
sorting of municipalities in the vicinity of the population thresholds. |
formally test the absence of strategic sorting in Section 4.6.1 by checking that
there are no systemic differences between municipalities just below and just
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above population thresholds in pre-determined characteristics of
municipalities. Also, in Section 4.6.1 I formally test for “bunching” of
municipalities at population thresholds. Overall, the results suggest that
strategic sorting of municipalities at population thresholds is not a concern in
the study.®? Finally, in Section 4.6.5 | show that changes in educational
spending of municipalities induced by the changes in the theoretical FPM are
unrelated to the changes in student outcomes in the state school system. Given
that state schools do not benefit from the municipal spending on education,
this corroborates the assumption that theoretical transfers affect student test
scores only through educational spending.

To isolate the plausible exogenous variation in educational spending, | use an
IV regression model where | instrument the endogenous spending on
education with theoretical FPM transfer. Specifically, in the estimation
model, I compare changes in student achievement in municipalities just
below and just above population thresholds with lower/higher level of
resources induced by theoretical FPM transfer. Formally, | estimate:

Si=f(P)+PrZi+ys+e (1)
Yi=f(P)+BSi+yvs+m (2

where S; is the endogenous treatment expressed as log of discretional
spending on education in municipality i; Y; is the outcome of interest (test
scores or school inputs) in municipality i; f(P;) is a third-order polynomial
of population in municipality i; Z; is the exogenous instrument expressed as
a log of theoretical FPM transfer; S; is a prediction of the endogenous
treatment estimated in equation (1); y, are state fixed-effects; e; and yu; are
error terms.

In the first stage (equation 1) the endogenous educational spending is
regressed on the exogenous instrument, flexible population polynomial and

8 This is in line with what concluded earlier studies that utilized theoretical FPM as an
instrument in the same period of time (Brollo et al., 2013), as well as the studies that used
the FPM data for 80ties (Litschig and Morrison, 2013). However, Litschig (2012) detects
evidence of manipulation of the 1991 population estimates, which determined the FPM
transfers through 90ties.

115



state fixed effects. In the second stage (equation 2), the impact of educational
spending is estimated by regressing the outcome Y; against S;, unbiased fitted
values from equation (1), population polynomial and state fixed effects. For
some analysis | also estimate the reduced form relationships between
theoretical FPM transfer and the outcomes of interest by estimating equation
(1) with test scores and municipal spending on the left-hand side. In all
estimations | cluster standard errors at the municipality level. In some
specifications | also add the vector of predetermined characteristics of
municipalities to check for robustness and reduce residual variance.

4.6 Empirical results

4.6.1 Balance and validity tests

One of the requirements for the instrument to be exogenous is that it is
unrelated to pre-determined characteristics of municipalities. | test this
assumption by checking that observed predetermined characteristics do not
differ between municipalities just below and just above population
thresholds. I analyze such time-invariant municipal characteristics as the area
of the municipality (measured in squared kilometers), its altitude and
geographical coordinates, distance to the state capital and distance to the
federal union capital. In addition, | also test for the balance in income per
capita and share of black population in 1991. For the balance tests | estimate
discontinuities in these characteristics using equation (1) with municipalities’
characteristics on the left-hand side and log theoretical FPM transfer on the
right-hand side, controlling for a third-order population polynomial and state
fixed effects. The results of the balance tests in the analytical sample are
reported in Table 4.3. They show that there are no significant discontinuities
in the pre-determined characteristics of municipalities, except for Area at the
10% level of statistical significance.®

Table 4.3: Balance tests of time-invariant and pre-determined
characteristics of municipalities

8 In the Appendix 4.8.B Table 4.8.B.1 | show the results of the balance test in the main
sample of municipalities that includes observations without test scores and with zero
spending/revenue. In this sample | do not find statistically significant discontinuities in any
of the considered pre-determined characteristics of municipalities.

116



Distance _. Income
Distance Share

Area Elevation Latitude Longitud fo to state  black pe.r
federal capital 1991 capita
capital P 1991
Log
(Theoretical  1,910.85* -78.86 0.04 -0.15 60.59 -59.05 0.001 -0.002
FPM)
(1’16)31'12 (74.47) (0.51) (0.56) (55.69) (53.96) (O')OZ (0.01)
Municipalitie

s 2,125 2,125 2,125 2,125 2,125 2,125 1,869 1,873

Notes: Estimates from reduced-form regressions of pre-determined municipal
characteristics on the log of theoretical FPM transfer. All regressions include a third-order
population polynomial and state fixed effects. Robust standard errors in parentheses are
clustered at the municipal level. *, **, *** represent significance at the 10%, 5%, and 1%
level, respectively. Sample comprises municipalities with population between 6,793 and
50,940 inhabitants with test scores data in 2007 and spending and school inputs data in year
2006 for which all spending variables are positive, test scores data is available, and reported
spending on education is at least 25% of total revenue.

Another requirement for the instrument to be exogenous is the absence of
“bunching” of observations just below or just above thresholds. This
condition can be tested by looking at the discontinuity in the density of the
IBGE population estimates at the population thresholds used in the analysis.
To test this, | pool the observations for all seven threshold and center them
around one normalized threshold with population equal to zero. | follow
McCrary (2008) and formally test for density discontinuity by running a
kernel regression of the log of density on each side of the normalized
threshold. The results displayed in Figure 4.3 indicate that there is no
evidence of municipalities sorting in the vicinity of population thresholds.
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Figure 4.3: McCrary’s density test for discontinuities in the density of
population at the thresholds
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Notes: Weighted kernel estimation of the log density (by population size), performed
separately on either side of pooled FPM revenue-sharing thresholds. The sample is the same
as that employed in the regression analysis. Optimal binwidth and binsize as in McCrary
(2008).

4.6.2 First stage estimates

Table 4.4 shows the results for the reduced form relationships between log of
theoretical FPM transfers and log of spending variables. The objective of this
analysis is to check whether additional recourses transferred to municipalities
translate into increase in spending, specifically in discretional spending on
education. In column (1) of Table 4.4 | report the estimates for equation (1).
In column (2) of Table 4.4 | show the results for equation (1), adding in the
model specification pre-determined characteristics of municipalities.

As seen, there is strong positive association between theoretical and actual
FPM transfers. The point estimates are positive, slightly smaller than one and
statistically significant at the 1% level of statistical significance. These results
are in line with the findings in earlier research that leveraged Brazilian FPM
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transfer data (Brollo et al., 2013; Bastos and Straume, 2016).34 These results
also anticipate that theoretical FPM should be a good shifter of discretional
spending on education, since the FPM transfer received by municipalities is
an important source of the funds that municipalities allocate to this end.

Table 4.4: First stage regressions of spending variables on theoretical

FPM transfers

(1) )
Log (actual FPM) 0.94 0.93
(0.02)*** (0.02)***
Log (Discretional spending on education) 0.38 0.42
(0.12)*** (0.10)***
Log (Total spending) 0.27 0.30
(0.07)*** (0.06)***
Log (Spending on education) 0.17 0.17
(0.08)** (0.08)**
Log (Mandatory spending on education
FUNDEF) 0.03 0.00
(0.11) (0.12)
Number of municipalities 2,129 1,869
Covariates No Yes

Notes: Estimates from reduced-form regressions of spending variables expressed in logs
on log of theoretical FPM transfers. All regressions include a third-order population
polynomial and state fixed effects. Robust standard errors in parentheses are clustered at
the municipal level. *, ** *** represent significance at the 10%, 5%, and 1% level,
respectively. Sample comprises municipalities with population between 6,793 and 50,940
inhabitants with test scores data in 2007 and spending and school inputs data in year 2006
for which all spending variables are positive, test scores data is available, and reported
spending on education is at least 25% of total revenue.

This intuition is corroborated by the results of estimating the reduced form
relationship between log of theoretical FPM and log of discretional spending

8 The fact that the coefficient estimate is not exactly equal to one can occur because of
measurement error or misclassification by TCU of municipalities that are below threshold
to be just above threshold (Brollo et al. 2013).
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on education. The coefficient estimate is positive and statistically significant
at the 1% level. It indicates that a 1% increase in the theoretical FPM transfer
Is associated with a 0.38%-0.42% increase in discretional spending on
education. Overall, this evidence supports the relevance of the theoretical
FPM as an instrumental variable for the discretional spending on education.

| also analyze the response of municipalities on changes in theoretical FPM
transfers in other expenditure categories related to education. | observe
significant shifts in total spending and spending on education induced by
changes in theoretical FPM. The effect of log theoretical FPM transfers on
log of total spending and log of spending on education is positive and
statistically significant at the 1-5% level. The coefficient estimates show that
a 1% increase in theoretical transfers implies a 0.27%-0.30% increase in total
spending and 0.17% increase in spending on education. As expected, | do not
observe any statistically significant relationship between theoretical FPM
transfers and mandatory spending on education funded with FUNDEF
resources. This result is expected because the funds that municipalities
receive from FUNDEF depend on enrollment and should be unrelated to the
changes in the theoretical FPM at population thresholds.

4.6.3 Reduced form and instrumental variable estimates for test scores

4.6.3.a Reduced form estimates

Table 4.5 shows the results of estimating the reduced form relationships
between log of theoretical FPM transfers and test scores. In column (1) of
Table 4.5 | show the results of estimating equation (1) with test scores on the
left-hand side. In column (2) | estimate the same model as in column (1)
including pre-determined characteristics of municipalities as controls.

The results show a positive and statistically significant relationship between
theoretical FPM transfer and student achievement. In the specification
without covariates, | find that a 1% increase in the theoretical FPM transfer
is associated with a 0.23% increase of a SD in the combined test score, 0.21%
increase of a SD in math and 0.20% increase of a SD in language. These
results are robust to including controls for pre-determined characteristics of
municipalities. All coefficient estimates are statistically significant at the 5%
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level except for math without controls, which is statistically significant at the
10%.

Table 4.5: Reduced form estimates for test scores on theoretical FPM
transfers

@ 2
Combined 4th grade 0.23 0.27
(0.12)** (0.12)**
Math 4th grade 0.21 0.25
(0.11)* (0.12)**
Language 4th grade 0.20 0.24
(0.09)** (0.10)**
Number of municipalities 2,129 1,869
Covariates No Yes

Notes: Estimates from reduced-form regressions of standardized Prova Brasil 4th grade test
scores in municipal schools on log of theoretical FPM transfers. All regressions include a
third-order population polynomial and state fixed effects. Robust standard errors in
parentheses are clustered at the municipal level. *, **, *** represent significance at the 10%,
5%, and 1% level, respectively. Sample comprises municipalities with population between
6,793 and 50,940 inhabitants with test scores data in 2007 and spending and school inputs
data in 2006 for which all spending variables are positive, test scores data is available, and
reported spending on education is at least 25% of total revenue.

4.6.3.b Instrumental variables estimates

In this section I quantify the relationship between discretional educational
spending and student achievement. The IV model specified in equation (2)
provides an estimate of the causal effect of discretional spending on student
test scores and allows to perform tests of statistical significance of this
estimate. The results of estimating the effect of discretional educational
spending on student test scores are reported in Table 4.6.

The coefficient estimates in the parsimonious model without covariates are
0.60 for combined score, 0.55 for math and 0.53 for language, statistically
significant at the 10%. These estimates indicate that for every 1% increase in
discretional spending combined test scores increase by 0.59% of a SD, test
scores in math increase by 0.55% and by 0.53% in language. Adding controls
leaves these estimates largely unchanged.
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Table 4.6: IV estimates for test scores on discretional spending on
education

(1) )
Combined 4th grade 0.60 0.63
(0.33)* (0.31)**
Math 4th grade 0.55 0.58
(0.32)* (0.30)*
Language 4th grade 0.53 0.56
(0.29)* (0.27)**
Number of municipalities 2,129 1,869
Covariates No Yes

Notes: IV Estimates for standardized Prova Brasil 4th grade test scores in municipal
schools from regressions where log of discretional spending on education is
instrumented with log of theoretical FPM transfers. All regressions include a third-order
population polynomial and state fixed effects. Robust standard errors in parentheses are
clustered at the municipal level. *, **, *** represent significance at the 10%, 5%, and
1% level, respectively. Sample comprises municipalities with population between 6,793
and 50,940 inhabitants with test scores data in 2007 and spending and school inputs data
in year 2006 for which all spending variables are positive, test scores data is available,
and reported spending on education is at least 25% of total revenue.

Given that discretional spending on education represents about 45% of total
spending on education, these results mean that a 10% increase in spending on
education implies an increase in test scores of about 13% of a SD.8® This
result is similar to the findings in some previous studies. Specifically, Jackson
etal. (2018) find that a 10% decrease in spending induced by Great Recession
reduced test scores by about 7.8% of a SD, while Lafortune et al. (2018) find
that the implied impact of the equivalent increase in spending is between 0.12
and 0.24 SD.

8 Because discretional spending represents 45% of total spending on education, a 10%
increase in spending on education is equivalent to 22% (10%/45%) increase in discretional
spending. In turn, a 22% increase in discretional spending on education is expected to
increase test scores by 13% (0.60*22%).
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To put the cost of the estimated increase in test scores in monetary values, |
use the fact that the average municipality in the sample allocates US $3.2
million to spending on education. The estimates suggest that increasing
educational spending by US $322,900 (a 10 percent change) would increase
test scores by about 13% of a SD. In per student terms, this means that an
increase in educational spending per student by US $212% would increase
test scores by 13% of a SD, or that a per student spending of about US $16 is
needed to raise student test score by 1% of a SD.

4.6.4 Exploring mechanisms

Table 4.7 shows the results of estimating reduced form relationships between
log of theoretical FPM transfers and some traditional school inputs: class size,
proportion of teachers with higher education, and an index measuring the
quality of school infrastructure. The objective of this analysis is to investigate
the mechanisms through which additional resources transferred to
municipalities translate into increase in student achievement. The results in
Table 4.7 suggest that no systematic relationship between federal transfers
and levels in traditional school inputs is observed in the analyzed data.

A possible explanation to this result can be that the resources available to
municipalities from FPM transfers are not spent on traditional school inputs.
That is, municipalities have other sources of funding to cover their needs in
spending on traditional inputs. An example of such source is a state fund
FUNDEF. Gordon and Vegas (2004) study FUNDEF reform and conclude
that a part of new resources available to schools through FUNDEF were used
to reduce class size and to comply with the federal legislation mandating that
teachers should have at least a secondary education degree. Gordon and
Vegas (2004) also conclude that it is not clear that the observed reductions in
the average class size induced by FUNDEF reform resulted in improvements
in student achievement. Another source of funding of essential school inputs
is the federal government, which participates in providing resources to
schools through federal programs and funds (World Bank, 2002). However,
the amounts spent by federal government on fundamental education in Brazil

% In the sample average enrollment in municipal schools is 1,519 students. This means that
a 10% increase in discretional spending per student is US $ 322,900/ 1,519 = US $212.45.
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are significantly smaller than the amounts spent by sub-national governments
(see Appendix 4.8 Section A for details).

Besides investment in traditional school inputs, there are many other ways of
improving student achievement. For instance, tutoring, guided technology,
specialized instruction in small groups, or provision of small budgets for
purchase of materials and school supplies have been proved to be effective in
increasing test scores in primary education (Cristia, 2017). Thus, it can be the
case that spending on education induced by the influx of resources from the
FPM transfer is spent by municipalities, at least in part, on these
interventions. Unfortunately, school census does not collect the data on non-
traditional school inputs and activities. Consequently, | cannot test the
hypothesis that non-traditional inputs and alternative interventions are the
mechanism through which educational spending induced by the FPM
transfers translates into better student outcomes.

Table 4.7: Reduced form estimates for school inputs on theoretical
FPM transfers

(1) (2)
Class size 0.32 0.26
(1.15) (1.24)
Share of teachers with higher education 0.07 0.08
(0.06) (0.06)
Infrastructure index -0.03 -0.05
(0.0376) (0.04)
Number of municipalities 2,129 1,869
Covariates No Yes

Notes: Estimates from reduced-form regressions of municipal school inputs on log of
theoretical FPM transfers. All regressions include a third-order population polynomial and
state fixed effects. Robust standard errors in parentheses are clustered at the municipal
level. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively. Sample
comprises municipalities with population between 6,793 and 50,940 inhabitants with test
scores data in 2007 and spending and school inputs data in year 2006 for which all spending
variables are positive, test scores data is available, and reported spending on education is at
least 25% of total revenue.
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4.6.5 Falsification tests

The interpretation of the estimates reported in Section 4.6.3b as causal effects
of educational spending on student achievement relies on the validity of the
exclusion restriction. That is, the credibility of these estimates depends on the
assumption that there is no other mechanism through which test scores of
students in municipal schools are affected by changes in levels of FPM
transfers at population thresholds other than discretional spending on
education. While it is not possible to test this assumption formally, | provide
evidence that supports the argument that the exclusion restriction holds in the
analysis.

In Table 4.8 | show the results of estimating reduced form relationships
between fourth grade state school student test scores and log of the theoretical
FPM transfers. | show the results for the combined test scores, math and
language separately. | do not find any statistically significant relationship
between theoretical FPM transfers and educational outcomes of students in
state schools.®” This is an important result, because FPM transfers are the
source of funding that can be allocated to different chapters of municipal
expenditure. Consequently, changes in the levels of the theoretical FPM are
potentially related to different dimensions, such as health, social protection,
public safety, which can eventually affect achievement of students who do
not benefit from municipal spending on education. Small and statistically
insignificant results suggest that the main channel through which increases in
federal transfers affect test scores is through the increases in discretional
educational spending. This corroborates the validity of the exclusion
restriction and sustains the credibility of the IV estimates.

87 A concern may arise because the sample of municipalities with state school test scores is
a subset of municipalities with municipal school test scores. To address this concern in
Appendix 4.8 Table 4.8.C.1 | report the results of estimating Table 4.5 regressions in the
sample of municipalities used to produce Table 4.8 results. The size of the estimates in
specification without covariates is roughly the same and sometimes lager in specification
with covariates. The estimates in specification without covariates lose precision because of
larger standard errors, but significance of the estimates in specification with covariates is
mostly unchanged.
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Table 4.8: Reduced form estimates for test scores on theoretical FPM
transfers in state schools

(1) )
Combined 4th grade 0.06 0.11
(0.17) (0.17)
Math 4th grade 0.02 0.05
(0.16) (0.16)
Language 4th grade 0.08 0.15
(0.15) (0.15)
Number of municipalities 1,091 1,004
Covariates No Yes

Notes: Estimates from reduced-form regressions of standardized Prova Brasil 4th grade
test scores in state schools on the log of theoretical FPM transfers. All regressions include
a third-order population polynomial and state fixed effects. Robust standard errors in
parentheses are clustered at the municipal level. *, **, *** represent significance at the
10%, 5%, and 1% level, respectively. Sample comprises municipalities with population
between 6,793 and 50,940 inhabitants with test scores data in 2007 and spending and
school inputs data in year 2006 for which all spending variables are positive, test scores
data is available, and reported spending on education is at least 25% of total revenue.

4.6.6 Estimations in previous years

4.6.6.a Transfers and spending

The main results presented in this study are estimated using the transfer and
spending data for year 2006. In this section | analyze the reduced form
relationships between spending variables and theoretical transfers in years
2002-2005. These results are reported in Table 4.9. Odd-numbered columns
show the results for the parsimonious specification without covariates and
even-numbered columns show the results for specification with covariates.
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Table 4.9: Spending variables and theoretical FPM transfers in years 2002-2005

1) ) (3) (4) ®) (6) (7 (8)
2002 2002 2003 2003 2004 2004 2005 2005
Log (actual FPM transfer) 0.59 0.56 0.72 0.68 0.82 0.79 0.86 0.84
(0.03)*** (0.03)*** (0.02)***  (0.02)***  (0.02)***  (0.02)*** (0.02)***  (0.02)***
Log (Discretional spending on 0.24 0.33 0.40 0.38 0.52 0.51 0.42 0.37
education)
(0.13)* (0.14)** (0.12)***  (0.12)***  (0.14)***  (0.15)*** (0.13)***  (0.14)***
Log (Total spending) 0.19 0.17 0.26 0.23 0.23 0.20 0.26 0.25
(0.07)*** (0.07)*= (0.07)***  (0.07)***  (0.08)*** (0.08)**  (0.07)***  (0.08)***
Log (Spending on education) 0.11 0.09 0.18 0.15 0.13 0.13 0.15 0.15
(0.08) (0.09) (0.08** (0.08)* (0.09) (0.09) (0.09)* (0.09)*
Log (FUNDEF) -0.04 -0.17 -0.06 -0.14 -0.02 -0.02 0.09 0.09
(0.12) (0.13) (0.12) (0.12) (0.11) (0.12) (0.11) (0.12)
Municipalities 2,035 1,815 2,192 1,961 1,924 1,717 1,977 1,745
Covariates No Yes No Yes No Yes No Yes

Notes: Estimates from reduced-form regressions of spending variables expressed in logs on log of theoretical FPM transfers. All
regressions include a third-order population polynomial and state fixed effects. Robust standard errors in parentheses are clustered at
the municipal level. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively. Sample comprises municipalities with
population between 6,793 and 50,940 inhabitants with test scores data in 2007 and spending and school inputs data in years 2002-2005
for which all spending variables are positive, test scores data is available, and reported spending on education is at least 25% of total

revenue.
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Overall, | observe the same pattern in the relationship between theoretical
FPM transfers and spending variables using the data for years 2002-2005 as
in the main analysis using the data for 2006. The coefficient estimates for the
actual FPM transfers are positive, statistically significant and smaller than
one in all years. The size of the coefficient estimates ranges from 0.56-0.58
in 2002 to 0.84-0.86 in 2005 (the estimates in year 2006 reported in Table 4.4
are 0.93-0.94). The increase in the coefficient estimates from 2002 to 2006
might be explained by improvements in the quality of population estimates
and the data on the actual FPM transfers.

The coefficient for the endogenous discretional spending on education ranges
in size from 0.24 to 0.52. The average value is 0.39, which is similar to the
average estimate of 0.40 obtained using 2006 data. All estimates for the
discretional spending on education are statistically significant at the
conventional level, excluding the estimate obtained in parsimonious
specification using 2002 data. The coefficient estimates for the total spending
are statistically significant. The size ranges from 0.17 to 0.26, which is
slightly smaller than the estimates using 2006 data (0.27-0.30). Spending on
education is the only variable in the set of expenditure variables for which |
do not observe the 2006 pattern in years 2002-2005 consistently. For almost
all years | find coefficient estimates that are not statistically significant at the
5% level, except for a specification without covariates using 2003 data.
However, the average size of the coefficient estimate is 0.13, which is slightly
smaller than 0.17 obtained using 2006 data. The coefficient estimate for
FUNDEF is, as expected, statistically not different from zero in all years of
analysis. All in all, this evidence shows that in years preceding 2006
theoretical FPM transfers were significant shifters of the actual transfers and
endogenous discretional spending on education.

4.6.6.b Student test scores

Table 4.10 reports the results of the reduced form and IV estimations for
student test scores in year 2007 and transfer and spending variables in years
2002-2005. Odd-numbered columns show the results for the parsimonious
specification without covariates and even-numbered columns show the
results for the specification with covariates. The results reported in Table 4.10
suggest that there is no clear pattern in the relationship between student test
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scores, discretional spending on education and the instrument in previous
years. While | observe some statistically significant coefficients in years 2003
and 2004, | do not observe any in years 2004-2005, except for language in
the model with covariates in year 2004 (statistically significant at the 10%).
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Table 4.10: Reduced form and IV estimates for test scores in 2006 and spending in 2002-2005

1) ) ©) (4) (5) (6) () (8)

2002 2002 2003 2003 2004 2004 2005 2005

Combined 4th grade

Reduced form

Log (theoretical FPM) 0.20 0.27 0.24 0.30 0.13 0.19 0.07 0.19
(0.12)* (0.12)** (0.12)** (0.12)*** (0.12) (0.12) (0.12) (0.12)

1V estimation

Log (Discretional spending on education) 0.84 0.81 0.59 0.78 0.26 0.37 0.16 0.35
(0.61) 0.47)* (0.31)* (0.38)** (0.24) (0.26) (0.27) (0.34)

Math 4th grade

Reduced form

Log (theoretical FPM) 0.19 0.25 0.20 0.25 0.07 0.13 0.06 0.11
(0.12)* (0.12)** (0.12)* (0.12)** (0.12) (0.12) (0.11) (0.12)

1V estimation

Log (Discretional spending on education) 0.76 0.75 0.49 0.66 0.14 0.25 0.14 0.30
(0.58) (0.45)* (0.29)* (0.35)* (0.23) (0.24) (0.27) (0.33)

Language 4th grade

Reduced form

Log (theoretical FPM) 0.19 0.24 0.24 0.29 0.17 0.21 0.06 0.12
(0.10)* (0.11)** (0.10)** (0.10)*** (0.10) (0.11)* (0.10) (0.12)

1V estimation

Log (Discretional spending on education) 0.76 0.72 0.59 0.76 0.32 0.41 0.15 0.33
(0.55) (0.42)* (0.28)** (0.34)** (0.21) (0.24)* (0.24) (0.30)

N 2,035 1,815 2,192 1,961 1,924 1,717 1,977 1,745

Covariates No Yes No Yes No Yes No Yes

130



Notes: Estimates from reduced-form regressions and IV estimates for Prova Brasil 4th grade test scores in municipal schools for regressions where
log of discretional spending on education is instrumented with log of theoretical FPM transfers. In each column a test score in year 2006 is regressed
on spending o transfers in the year shown in the column heading. In IV specification, spending in the year shown in the column heading is
instrumented with the theoretical FPM in the same year. All regressions include a third-order population polynomial and state fixed effects. Robust
standard errors in parentheses are clustered at the municipal level. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
Sample comprises municipalities with population between 6,793 and 50,940 inhabitants with test scores data in 2007 and spending and school
inputs data in years 2002-2005 for which all spending variables are positive, test scores data is available, and reported spending on education is at
least 25% of total revenue.
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A possible explanation to these results is the sample variation. Because | was
not able to perfectly match student test scores to spending variables in years
2002-2005, the sample of municipalities in estimations varies from year to
year. Another reason of sample variation is the natural population growth and
administrative decisions of splitting and merging municipalities. About 7%
of municipalities in the analytical sample moved from one population bracket
to another in year 2006. On average, between 2002 and 2006, about 12% of
municipalities in year t were in a different population bracket than in year t-
1. As shown in Table 4.11, the largest number of movements across
population thresholds occurred in years 2002 and 2005. The spikes in the
number of switching municipalities in these years were followed by a sharp
decline in the number of movements.

| explore to what extent these movements across population thresholds could
have affected the results by estimating Table 4.10 regressions in the sample
of non-switching municipalities that remained in the same population
threshold in all years of analysis. These results are displayed in Table 4.12.
As seen, the coefficient estimates in both reduced form models and IV
specifications are about twice as large for municipalities that never switch
population brackets. | also observe statistically significant coefficient
estimates in year 2004 in specifications with covariates and in year 2005 for
math (statically significant at the 10%). These results suggest that sample
composition is not trivial to the analysis. Thus, the evidence obtained in the
main analysis may not necessarily be replicated in other years. This is a
drawback that puts limitations on the external validity of the results.

In addition to sample variation, selective sorting of student might be an issue
driving the results in Table 4.10. Theoretical transfers in year t can be related
to discretional spending on education in year t-1 or t-2, or earlier years. This
may result into selective migration of students that is not addressed in the
study. | leave for future research the exploration of the issues related to
dynamic student sorting across municipalities.
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Table 4.11: Movements of municipalities across population thresholds

1) ) @) (4) (%) (6)
Number of Up - Up +
vear Municipalities up Down DoF\)Nn wan (5)/(1)*100%
2002 2,035 399 179 220 578 28%
2003 2,192 122 49 73 171 8%
2004 1,924 87 16 71 103 5%
2005 1,977 181 42 139 223 11%
2006 2,129 115 27 88 142 7%
Total 904 313 591 1217
Average 180.80 62.60 118 243.40 12%

Notes: This tables shows the number of movements of municipalities across population
thresholds. Column (1) shows the number of municipalities in the analytical sample in the
given year. Column (2) shows the number of municipalities in year t which, in respect to
year t-1, moved up at least one population threshold. Column (3) shows the number of
municipalities in year t which, in respect to year t-1, moved down at least one population
threshold. Column (4) shows the difference of the figures reported in columns (2) and (3).
Column (5) shows the sum of the figures reported in columns (2) and (3). Column (6) is the
ratio of the figure reported in column (5) and column (1).

133



Table 12: Reduced form and IV estimates for test scores in 2006 and spending in 2002-2005 for the sample of non-

switchers
(1) ) 3 (4) (5) (6) WG
2002 2002 2003 2003 2004 2004 2005 2005
Combined 4th grade
Reduced form
Log (theoretical FPM) 0.40 0.57 0.42 0.56 0.27 0.44 0.19 0.30
(0.18)**  (0.18)***  (0.18)**  (0.18)***  (0.19) (0.18)**  (0.18) (0.19)
1V estimation
Log (Discretional spending on education) 1.20 1.33 0.75 0.93 0.52 0.81 0.29 0.55
(0.79) (0.69)* (0.37)**  (0.39)**  (0.40) (0.44)* (0.29) (0.39)
Math 4th grade
Reduced form
Log (theoretical FPM) 0.40 0.56 0.41 0.54 0.26 0.44 0.20 0.32
0.17)**  (0.18)***  (0.18)**  (0.18)***  (0.18) (0.18)**  (0.18) (0.18)*
1V estimation
Log (Discretional spending on education) 1.20 131 0.72 0.91 0.50 0.81 0.31 0.59
(0.78) (0.67)* (0.37)** (0.39)**  (0.40) (0.43)* (0.29) (0.39)
Language 4th grade
Reduced form
Log (theoretical FPM) 0.33 0.47 0.36 0.47 0.23 0.36 0.14 0.22
(0.16)**  (0.16)***  (0.15)**  (0.16)*** (0.16) (0.16)**  (0.16) (0.16)
1V estimation
0.97 1.10 0.64 0.78 0.44 0.65 0.21 0.41

Log (Discretional spending on education)
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(0.67) (0.59)*  (0.32)**  (0.34)**  (0.35) (0.37)*  (0.25)  (0.34)
N 1,163 1,051 1,256 1,133 1,107 992 1,127 997

Covariates No Yes No Yes No Yes No Yes

Notes: Estimates from reduced-form regressions and IV estimates for Prova Brasil 4th grade test scores in municipal schools for regressions where
log of discretional spending on education is instrumented with log of theoretical FPM transfers. In each column a test score in year 2006 is regressed
on spending o transfers in the year shown in the column heading. In the IV specification, spending in the year shown in the column heading is
instrumented with the theoretical FPM in the same year. All regressions include a third-order population polynomial and state fixed effects. Robust
standard errors in parentheses are clustered at the municipal level. *, **, *** represent significance at the 10%, 5%, and 1% level, respectively.
Sample comprises non-switching municipalities that do not change population brackets in years 2002-2006, with population between 6,793 and
50,940 inhabitants, with test scores data in 2007 and spending and school inputs data in years 2002-2005 for which all spending variables are
positive, test scores data is available, and reported spending on education is at least 25% of the total revenue.
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4.7 Conclusions

In this study | estimate the causal effect of educational spending on student
achievement in the short run. To this end | exploit a plausibly exogenous
variation in the discretional spending on education in Brazilian municipalities
stemming from sharp discontinuities in federal transfers at population
thresholds. The results suggest that more federal transfers resources generate
increases in educational spending, which translates into better student
achievement. Specifically, the results indicate that a 10% increase in
educational spending (about $212 per student in the sample) boosts student
test scores by 0.13 of a SD.

From a public policy perspective, however, it is interesting to know whether
Increasing spending on education is a cost-effective way of improving student
achievement. To answer this question, | compare the results with the
estimates of costs and effects of some primary education interventions
reviewed in Cristia (2017). In particular, Cristia (2017) estimates that in
Colombia reducing class-size from 25 to 20 students implies an increase in
per student cost by 27.1% and generates an increase in test scores by 0.08 of
a SD; extending school day from 4 to 7 hours implies an increase in per
student cost by 81.2% and increase in student test scores by 0.04 of a SD; and
increasing teachers’ years of education rises costs by 24% and has no effect
on test scores. On the other hand, Cristia (2017) identifies many low-cost
interventions for which the average effect is 0.10 of a SD and requires
increasing per student cost by 2%.8 In my analysis | find that increasing
spending on education in municipal schools in Brazil by 10% is associated
with an increase by a 0.13 of a SD in standardized test score. Given the results
obtained in Cristia (2017), it appears that increasing discretional spending on
education is a relatively cost-effective way of improving student outcomes,
although not the most efficient.

8 Cristia (2017) estimates costs of the interventions in Colombia in 2014. Particularly, the
cost of reducing class was estimated at $281, extending school day length at $842, more
years of teacher education at $248. The average cost of low-cost interventions was
estimated at $21. | present these costs as a % increase with respect to the average per student
spending in primary education in Colombia, which was $1,037 in 2014.
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Another question raised in this study is the importance of understanding the
mechanisms through which additional funds translate into improvements in
student achievement. | investigated this issue by looking at the effects of
changes in spending on changes in traditional school inputs, such as class
size, teacher level of education and quality of infrastructure. I find no
evidence that traditional school inputs mediate the relationship between
increase in spending and changes in student achievement. | hypothesize that
investments in non-tradition inputs and alternative interventions such as
tutoring, small class instruction, funding for materials, guided technology
with extra time, which proved to be effective in other settings and countries,
can be the mechanisms through which additional resources affect student test
scores. Lack of the data on non-traditional inputs and alternative interventions
did not allow me to explore this question in the present study. | leave this
topic for the future research.

4.8 Appendix

4.8.A Financing of public education in Brazilian municipalities

Primary education expenditure in Brazil is mostly sub-national. In 2001,
federal government spent overall R$3.58° billion in pre-school and primary
education.®® This is a small amount when compared to over R$30 billion
spent by state and municipal governments on primary education (World
Bank, 2002). Spending on education at state level is relevant, but it is mostly
focused on secondary education, while primary education is largely provided
and funded by municipal governments.

Current system of education expenditure in Brazilian municipalities is
determined by the reforms to the Constitution of 1988 and the National Law
of Education (LDB) approved in 1996. One of the most important reforms in
education financing were the laws that established FUNDEF (Constitutional
Amendment 14/96 and the Law 9424/96). The FUNDEF mechanisms works

8 The exchange rate of Brazilian Real to US dollar in 2001 was R$61.409 to UD$1.

% Among other school programs, federal government finances textbooks (National
Textbook Program), food (National Program for Nourishment in Schools), transportation
(National Program for the Support of School Transportation, as well as the Path to School
program), and resources for school maintenance and repairs (Direct Funding for Schools
Program).
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as follows: FUNDEF collects resources from state and municipal
governments in a single fund dedicated exclusively to primary education.
Each of the 26 states in Brazil has its own FUNDEF. The FUNDEF for each
state receives 15% of designated sources of revenue at state and municipal
level. Two sources of revenue are earmarked for FUNDEF at the municipal
level, one of them is the FPM transfer.%! The resources collected by FUNDEF
in each state are divided by the number of primary education students
enrolled in that state in the previous academic year and distributed to state
and local governments according to the number of students enrolled in each
system. Federal government tops up FUNDEF funds received by sub-national
governments if the resources received are smaller than the preestablished
minimum level.

At the same time, the article 212 of the Federal Constitution states that states
(including the Federal District) and municipalities must apply at least 25% of
the tax revenue (taxes and tax transfers) on the maintenance and development
of education. Thus, FUNDEF does not include the entire 25% revenue
sources earmarked for FUNDEF that municipalities have to spend on
education. Each municipality also needs to spend at least 10% of the same
sources of revenue on education. Consequently, after application of the
compulsory 15% FUNDEF discount, municipality must spend on education
at least 10% of each affected source of revenue, FPM transfer among them.
Figure 4.8.A.1 explains the flow of resources that constitute FUNDEF and
other expenditures on education.

% The second source of revenue tapped by FUNDEF at the municipal level is a tax on goods
and services — ICMS - similar to the value added tax.
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Figure 4.8.A.1: Diagram of minimum municipal resources for education

-
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Transfer / \ y,
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FUNDEF 10% for pre-school or

primary education

/ \ J

Notes: Adopted from World Bank (2002).

It is worth noting that figure 4.8.A.1 shows the minimum requirements for
spending on education by local governments. There are no specific rules for
the maximum resources that municipalities can allocate to this end.

4.8.B Balance test of time invariant pre-determined characteristics of
municipalities in the main sample

Table 4.8.B.1: Balance tests of time-invariant and pre-determined
characteristics of municipalities in the main sample

Distance Distance  Share Income
Area Elevation Latitude Longitude to federal to state black  per capita
capital capital 1991 1991
Variables
Log

theoretical ~ 1,929.805 -75.811  0.49  -0216 80433  -70.816 0.005  -0.002
FPM

(1,218.760) (72.510)  (0.510)  (0.545)  (55.298) (52.675) (0.014) (0.010)

. 2,195 2,195 2,195 2,195 2,195 2,195 1,928 1,932
Observations

Notes: Estimates from reduced-form regressions of pre-determined municipal characteristics on the
log of theoretical FPM transfer. All regressions include a third-order population polynomial and state
fixed effects. Robust standard errors in parentheses are clustered at the municipal level. *, **, ***
represent significance at the 10%, 5%, and 1% level, respectively. Estimation sample comprises
municipalities with population between 6,793 and 50,940 inhabitants with test scores data in 2007
and spending and school inputs data in year 2006 for which reported spending on education is at
least 25% of total revenue.

139



4.8.C Reduced form results for test scores in the sample of municipalities
with state schools

Table 4.8.C.1: Reduced form estimates for test scores in municipal
schools in the sample with state schools

(1) )
Combined 4th grade 0.21 0.33
(0.15) (0.16)**
Math 4th grade 0.18 0.28
(0.14) (0.14)*
Language 4th grade 0.22 0.34
(0.16) (0.16)**
Number of municipalities 1,091 1,004
Covariates No Yes

Notes: Estimates from reduced-form regressions of standardized Prova Brasil 4th grade
test scores in municipal schools on log of theoretical FPM transfers in the analytical sample
restricted to municipalities with state schools. All regressions include a third-order
population polynomial and state fixed effects. Robust standard errors in parentheses are
clustered at the municipal level. *, ** *** represent significance at the 10%, 5%, and 1%
level, respectively.
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Chapter 5: Conclusions and Policy Implications

This dissertation presents the results of three impact evaluations implemented
in developing countries. The first two studies are large randomized controlled
trials evaluating early childhood development interventions in Bolivia. The
third study is a quasi-experimental evaluation of the education policy in
Brazil. All three studies contribute to the growing body of development
economics literature by providing rigorous causal evidence on the
effectiveness of evaluated interventions. Given the focus of the studies on
human capital development, the relevance of their results is also endorsed by
the link between human capital development and productivity, which is
crucial for sustainable growth in developing countries. The importance of
generating convincing evidence on the effectiveness of social programs is
particularly relevant in LAC countries facing structural challenges of social
expenditure effectiveness and efficiency, which became especially salient in
the wake of the economic downturn caused by the COVID-19 pandemic.

The first two studies, leveraging random treatment assignment, provide
experimental evidence of the impact of two interventions implemented by the
Bolivian Ministry of Health through the “Grow Well to Live Well” (GWLW)
program. Both interventions were large randomized controlled trials
implemented in disadvantaged communities in Bolivia. The first impact
evaluation, presented in Chapter 2, focused on the program components
financing improvements in childcare centers. The implemented interventions
included provision of materials, development of guidelines and protocols of
care, training and support to personnel through specialized facilitators and
nutritionists. In addition, some childcare centers also benefited from
Improvements in physical infrastructure. The second impact evaluation
presented in Chapter 3 focused on the home-visiting component of the
program, which aimed at improving child development outcomes through
weekly home visits following the Reach Up curriculum adapted for Bolivia.
During these visits, trained community workers worked with caregivers
offering guidance and counseling on parenting and early stimulation of
children.

The general objective of both interventions was to generate a positive impact
on child development outcomes. However, these outcomes were measured
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only in the second study. The first study measured the effects of childcare
centers improvements on the intermediate outcomes, specifically, childcare
quality and infrastructure indicators. According to the estimations, the
program had large and statistically significant effects on childcare quality in
treated centers. For the main quality indicator, the results show an increase in
quality by two standard deviations or 62% with respect to the control mean.
The disaggregation of the overall quality score shows that the increase is
driven by improvements in all dimensions of quality. The intervention also
improved child-caregiver interactions and centers’ infrastructure. The cost-
effectiveness analysis shows that moving quality indicators in desired
direction by implementing only soft program component is more cost-
effective than by implementing infrastructure upgrades in addition to the soft
component investments.

From a public policy perspective, these results are telling in several ways.
First, they indicate that investments in improving curricular components,
training of caregivers, and providing materials could be a cost-effective
alternative of improving childcare centers’ quality, which is a relevant insight
for policy decisions in resource-constrained settings, such as those faced in
developing countries. Second, the program results were achieved in deprived
communities in childcare centers staffed by community mothers lacking
formal childcare training. The fact that such remarkable results in process
quality and child-caregiver interaction indicators were achieved show that the
cascade training model implemented by the program could be scalable in the
current operational context of the country, where municipalities are
responsible for hiring personnel in childcare centers. Another relevant point
raised in this study is the grim status quo of center-based childcare quality
revealed in the indicators for the control group centers. For instance, only
10% percent of the control group centers had their building in good condition
and all of them needed repairs. These and other indicators measured for this
evaluation show that the business-as-usual of center-based childcare in
disadvantaged communities in Bolivia is upsetting and requires immediate
attention.

The second experimental evaluation presents the results of a home-visiting

intervention on the intermediate outcomes and final child development
impacts. The results show that the program improved child development in
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several dimensions, including communication, fine motor, cognitive
(problem-solving skills), socio-emotional dimension and the overall
development score. The results for the intermediate outcomes show that the
program most likely achieved impacts on child development through
improvements in caregiver-child interaction and better stimulation practices.
The endline survey also registered some improvements in health indicators.
These results plausibly occurred because home visitors encouraged the use of
primary healthcare services during visits and were perceived as medical
professionals. All above-mentioned results were registered in the rural areas
despite low program take-up. While the take-up was not perfect, rural
households that received the intervention did so according to the program
protocol. In urban areas the take-up reported in the endline survey was too
low to observe any program effects.

An important policy implication arising from the results of this evaluation is
that better parenting practices are a pathway to improving child development.
This study corroborates the existing evidence that parenting matters. It is
known that families shape children’s skills through stimulation and daily
interactions. Parents are the most important actors shaping children’s
environment, influencing their choices and lifetime decisions. Strengthening
vulnerable families is a viable solution for bringing more opportunities to
disadvantaged children. The more families are reached by programs like
GWLW, the more children would get a chance to leave poverty and achieve
better outcomes in adulthood. Scaling up development programs is always a
challenging task, and even more so in developing countries with tight budget
constraints and, oftentimes, weak institutional capacity. A more effective
program scale-up could be achieved leveraging existing public services
infrastructure used by other programs. This would allow to reduce per-child
program cost and mitigate some operational challenges, such as hiring and
training of program staff or program delivery monitoring. Another alternative
could be bringing the program to more families through a different delivery
model, for instance, group sessions with parents (parenting programs).
Existing evidence suggests that these programs are highly effective and
relatively inexpensive. In LAC, parenting programs are still rare, which
means that this policy option has a lot of room for expansion to promote skills
development in early childhood.
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The third study presented in this dissertation uses a quasi-experimental
methodology to estimate the causal effects of educational spending on student
achievement. An important contribution of this study is that it addresses a
relevant policy question —whether more spending on education translates into
better student achievement — wusing a rigorous impact evaluation
methodology. This study is an example of a situation when implementing an
experimental evaluation is not possible and an alternative quasi-experimental
methodology is used to identify causal policy effects. The instrumental
variables approach adopted in this study exploits a plausibly exogenous
variation in the federal transfers to Brazilian municipalities. The results
suggest that increasing educational spending can improve student
achievement measured by standardized test scores. No evidence is found that
traditional school inputs mediate the relationship between an increase in
spending and changes in student achievement. Comparing the program costs
with other interventions aiming at improving student achievement indicates
that increasing spending on education is a relatively cost-effective way to
Improve student outcomes, although not the most efficient.

This study contributes to the ongoing policy debate on whether it is possible
to achieve more learning by spending fewer resources. There is large
evidence that almost all known programs and policies aiming at increasing
students learning work. However, the cost of achieving learning results
differs largely across programs and policies. While reducing class size or
increasing school day is more expensive than tracking (an intervention in
which children receive instruction according to their initial level), the
implementation of tracking can be challenging. Arguably, this intervention
could have unintended consequences such as stigmatization or segregation,
ultimately limiting the opportunities of the most disadvantaged students.
Improving student outcomes at lower costs requires a thorough understanding
of program effects and precise estimates of costs and benefits. Generating this
evidence requires a cross-disciplinary approach and coordination between
many stakeholders. While challenging, this is probably the most likely way
to find the better and less costly options to improve education. Finding public
policy solutions to make learning more effective, reduce costs, or both, would
help developing countries channel scarce resources in the right directions to
improve human capital and foster development.
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The studies presented in this dissertation also touched on some practical
challenges and limitations of impact evaluations. One of them is the
availability of data. Usually, the available administrative data is not sufficient
for measuring all program effects. For instance, in the third study presented
in this dissertation, it was not possible to find administrative data to measure
non-traditional school inputs. In prospective evaluations designed ex-ante, a
solution is usually implementing surveys. Surveys, however, are costly in
terms of time and money. In fact, data collection often represents a large share
in the cost of field experiments. In the case of the first study presented in this
dissertation, the measurement of child development outcomes was left for
future research. Nonetheless, the feasibility of this follow-up data collection
largely dependents on the availability of monetary resources.

Another important aspect is the quality of the data. The data collected for
evaluations needs to meet certain quality standards so that the estimated
program effects are credible. In the case of the second study presented in this
dissertation, a possible reason why the take-up in urban areas was so low is a
mismatch in the intervention unit limits used by the program staff and the
survey teams. Close coordination between the data collection team and
program implementer is required to mitigate this kind of risk and ensure that
the data is gathered and appropriately measured. The quality of an impact
evaluation critically depends on the quality of collected data. Warranting data
quality may be costly, but it is a worthy investment for getting credible and
reliable program effect estimates.

Regarding future research, as mentioned earlier, the first study of the effects
of center-based childcare did not measure final impacts on child
development. The observed large increases in process and structural quality
indicators give promising signals for the potential achievement of impacts on
child development, which was left for future research. The second study
measured the effects of home visits on child development right after the
program finished. The follow-up evaluations will be relevant to show whether
the program results in rural areas are sustained in the medium and long run.
However, the continuity of this research agenda is conditional on the country
context and availability of resources. The third study, due to lack of
administrative data, did not manage to identify the intermediate outcomes
through which additional spending gets to produce impacts on student
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achievement. Addressing this gap is important to shed light on the program
theory of change and understand the mediating pathways from educational
resources to student outcomes.

An important opportunity for future research emerges from the discussion on
finding new ways to achieve more with less resources. While the focus of this
dissertation is skills development and fostering of human capital, this
question applies to any area of social policy and development. Answering this
question requires a rigorous evaluation of program effects and precise
estimates of costs. Regarding estimation of the program effects, in the areas
of studies presented in this dissertation, a large body of literature shows that
many known programs and policies work. However, some relevant and
popular policies implemented by governments still lack rigorous evidence.
While it is not possible to randomize something that happened in the past,
these interventions deserve attention and should be considered for generating
rigorous evidence using techniques other than experimental evaluation.

Another critical aspect is the program cost. As it was discussed in this
dissertation, a program can be highly effective, however, its implementation
might require large amounts of resources, making a program a less efficient
option in comparison to the alternatives. From the public policy perspective,
a relevant parameter is program efficiency, which informs about program
costs in addition to effects. Having reliable costs estimates is a necessary
condition for informing choice decisions of policy alternatives.
Consequently, any research agenda aiming at producing cost estimates or
Improving cost estimation methods would undoubtedly add value to
evidence-based decision-making.

In sum, evaluating the effectiveness and efficiency of existing and
prospective programs and policies is the best way to know what works. This
would allow to generate valuable inputs for evidence-based policymaking
and contribute to achieving better development results.
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