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Abstract

We conduct a randomized controlled trial that provides pregnant and immediate post-
partum women with improved access to family planning through counseling, free trans-
port to a clinic, and financial reimbursement for family planning services over two years.
We study the effects of our intervention on child growth and development outcomes
among 1,034 children born to participating women directly before intervention rollout.
We find that children born to mothers assigned to the intervention arm were 0.28-0.34
standard deviations taller for their age and were 10.7-12.0 percentage points less likely
to be stunted within a year of exposure to the family planning intervention. Children
born to mothers assigned to the intervention arm also scored 0.19-0.23 standard devia-
tions higher on a caregiver-reported measure of cognitive development after two years
of intervention exposure. Non-measurement of children poses challenges throughout
our study, and we show that our estimates are robust to multiple methods of correct-
ing for potential attrition bias. These results are consistent with models of fertility that
link couples’ fertility decisions to child health and human capital decisions. Our results
also suggest that improved access to family planning may have positive downstream
effects on child health beyond contraceptive use and fertility outcomes.
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1 Introduction

Roughly 14 million unwanted pregnancies occur in Sub-Saharan Africa each year, and an

estimated 37 percent of these pregnancies are terminated (Bankole et al., 2020). For those

pregnancies that result in live births, women and couples are left to care for a child that

was unplanned and that they may have been unprepared to raise (Bongaarts, 2016). While

unplanned children bring many benefits, they are also costly to the household (e.g. refer

to Robinson (1987); Becker and Tomes (1976); Barro and Becker (1989); Blundell et al.

(1994)). To this end, a mistimed birth may affect how limited household resources and

parental investments are allocated among children in the household, which in turn may have

significant implications for child health and human capital attainment, the effects of which

may persist into adulthood (Almond and Mazumder, 2013; Almond and Currie, 2011; Becker

and Tomes, 1976; Adhvaryu and Nyshadham, 2016).

While access to family planning and reproductive health (FP/RH) services has improved

in recent decades, the average contraceptive prevalence rate in Sub-Saharan Africa (22 per-

cent) is less than half that of South Asia (51 percent) and less than a third that of East

Asia (78 percent) (United Nations, 2018). Previous studies have shown that women from

low-income and disadvantaged backgrounds form one of the largest groups that have an un-

met need for family planning - that is, they are sexually active and want to delay or stop

childbearing but are not using a contraceptive method (Bradley et al., 2012; Casterline and

Sinding, 2004; Westoff and Ochoa, 1991). This is partly because women face many finan-

cial and social barriers to accessing contraceptives and other FP/RH services (Haider and

Sharma, 2013). To this end, improved access to contraception and the use of FP/RH services

may contribute to averting unintended births by allowing women and couples to more effec-

tively meet their desired family size. Moreover, the use of contraception also enables women

to time and space future pregnancies with more certainty (Casterline and Agyei-Mensah,

2017; Agesa and Agesa, 2020), which, in turn, may enable them to invest in their children’s

health, education, and well-being more effectively (Gipson et al., 2008; Singh et al., 2013).

Throughout this paper, we assess the causal impact of improved access to family planning

on child health and human capital outcomes using experimental evidence from a randomized

controlled trial in urban Malawi. Our investigation is motivated by classical models of

the quantity-quality trade-off first developed by Becker (1960) and extended by Schultz

(1969, 2007). Most recently, work by Cavalcanti et al. (2021) adapts the Becker (1960)

model by accounting for the uncertainty in fertility faced by households and assuming that

families use contraception to reduce this uncertainty; the reduction in the cost to access

family planning would, in turn, lead to increased investments in child health and human
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capital by households. In addition, we are motivated by a limited evidence base that has

documented the extent to which contraception may contribute to improved child health by

lengthening interpregnancy intervals and promoting healthy birth spacing (Cleland et al.,

2012; Conde-Agudelo et al., 2006; Rutstein, 2006; Fink et al., 2014; Miller and Karra, 2020).

This literature has identified potential physiological channels linking family planning and

interpartum spacing to birth outcomes and early-life growth. In particular, the role of

maternal nutritional depletion, which is caused by the close succession of pregnancies and

periods of lactation, has been proposed as a key risk factor (King, 2003; Dewey and Cohen,

2007; Kozuki et al., 2013; Mayo et al., 2017; Molitoris, 2017; Miller, 1991). This evidence has

served as the basis for the development of the World Health Organization’s recommendation

for women to wait at least 24 months after a live birth before becoming pregnant again

(World Health Organization, 2005).

As part of our field experiment, 2,143 women who were either pregnant or up to six

months postpartum at baseline were recruited in 2016. Following a baseline survey, women

were randomized into either intervention or control arms, and women who were assigned

to the intervention arm received the following package of services: 1) up to six free family

planning counseling sessions; 2) free transport to a high-quality family planning and ma-

ternal and child health clinic; and 3) financial reimbursement for family planning services

received at the clinic, including for the treatment of contraceptive-related side effects. Two

follow-up surveys were conducted in 2017 and 2018, respectively. For our analysis, we use

anthropometric data collected for all children under six during baseline and the 2017 sur-

vey and caregiver-reported survey data added to the 2018 survey, which measured cognitive

functioning for all children under 3.

We focus our analysis on “index” children1 who were alive to be measured at baseline,

resulting in a potential sample of 1,034 children. We show that children born to women who

received improved access to family planning through counseling, transport, and financial

reimbursement for services have better health and cognitive outcomes. In particular, children

born to women assigned to the intervention group were 0.34 standard deviations (SD) taller

for their age relative to children born to women assigned to the control group after one year

of exposure to the intervention. Children born to women assigned to the intervention group

also performed 0.23 SD better on a caregiver-reported measure of cognitive development

after two years of exposure to the intervention. While these results are promising, we must

note that we do not find evidence of similar improvements in children’s weights or blood

hemoglobin levels.

1We define the child that resulted from the pregnancy that made the woman eligible for the study as the
index child.
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Throughout the study, anthropometric surveys of children exhibit low measurement rates

among eligible children. Two factors drive these low rates. First, this study was conducted

in a densely urban environment, Lilongwe, where children have relative freedom of mobility

and were often not home at the time of the interview. As the primary study sample for the

relevant experiment consisted of women, the survey commenced as long as the primary re-

spondent was present. Although attempts were made to revisit homes and measure children,

this was not always possible. The second reason measurement is low is mothers’ low rate of

consent. Among mothers in Lilongwe, skepticism of anthropometric measurement, at times

driven by religious beliefs, can hamper data collection. Indeed, in this paper, we present

findings from a midline follow-up survey because anthropometric data collection was forced

to pause during our endline survey amid a panic regarding bloodletting.

We cope with low levels of measurement in three ways. First, we present an analysis of

this attrition in levels and characteristics and show that, although some differences exist,

attrition is not widely differential across treatment groups. Second, we employ propensity

score weighting and Heckman selection models (Heckman, 1979) to correct for potential

bias created by non-measurement. Finally, we present bounds in the tradition of Kling

et al. (2007) to explore the severity to which non-measurement may impact our estimates.

Using these three methods, we present a body of evidence that suggests high rates of non-

measurement do not bias our estimates. Nevertheless, our incomplete sample weakens our

causal claims throughout this paper. We, therefore, view our estimates as a call for more

research into the relationship between family planning services and child health outcomes.

Our study contributes to the limited and mixed evidence base on the relationship between

family planning and child health. A Lancet series on Maternal and Child Malnutrition by

Black et al. (2013), which put forward a framework of international action to alleviate global

malnutrition and childhood stunting, included family planning as a ”nutrition-sensitive”

intervention. Although an extensive literature has examined the contributions of fertility

decline on child welfare,2 few studies focus directly on the impacts of family planning pro-

grams. To date, the best evidence of the effect of family planning on child health outcomes

beyond child survival has predominantly been obtained from quasi-experimental evaluations

of multi-component health interventions (Miller and Singer Babiarz, 2016). Analyses of the

Matlab maternal and child health/family planning program found positive impacts of the

intervention on child height, cognitive function, and educational attainment (Barham, 2012;

Joshi and Schultz, 2007), while an evaluation of health program placement from the Philip-

pines observed a 7 percent increase in child height and a 12 percent increase in child weight

from exposure to a family planning facility (Rosenzweig and Wolpin, 1986). In both pro-

2For example, refer to DaVanzo et al. (2004); Li et al. (2008); Gertler and Molyneaux (1994).

3



grams, however, family planning was introduced as part of a larger bundle of maternal and

child health and nutrition services, making it difficult to isolate the contribution of family

planning directly. While a few observational studies have identified associations to suggest

impact,3 there is little empirical evidence of the causal links between increased access to

family planning and outcomes related to early-life growth and development, particularly in

low- and middle-income settings. Our experimental design allows us to more rigorously esti-

mate these relationships and disentangle key behavioral and physiological pathways through

which our family planning intervention impacts child health and human capital.

The rest of this study is presented as follows. Section 2 presents our theoretical moti-

vation and conceptual framework. Section 3 describes the design of the field experiment.

Section 4 presents our empirical strategy. Section 5 presents the results. Section 6 con-

cludes. In the Appendixes, we include analyses that support the main analysis presented.

These analyses include heterogeneous treatment effects of the intervention, an intervention

component analysis, and a set of robustness checks.

2 Theoretical Framework

The study of the relationships between contraception, fertility, and child outcomes has re-

ceived considerable attention in recent decades, much of which has been motivated by Becker

(1960)’s groundbreaking “quality-quantity” model of fertility. In the Becker model, the

impact of family planning and contraception on child outcomes is acknowledged directly

through the trade-off that couples make when determining their family size (child quantity)

and the level of investments that can be made in each child (child quality) (Becker, 1960).

Interestingly, in his following adaptations of the model, Becker does not directly mention

the role of contraception and family planning; instead, a couple’s contraceptive behavior

is assumed to be inseparable from their fertility outcome, which is perfectly deterministic

(Becker and Tomes, 1976; Becker and Lewis, 1973). To this end, the role of family planning

and contraception on child quantity and quality within the classic Becker model is entirely

predicated on the fact that women and couples can perfectly target, and achieve, their re-

alized fertility - families are either perfectly using contraceptives or have no demand for

contraceptives. This assumption, which assumes that demand for children can be perfectly

realized, is hard to reconcile with the fact that an estimated 74 million unwanted pregnancies

occur in developing countries each year (Bongaarts, 2016).

Several models, most recently by Cavalcanti et al. (2021), have extended the classic

Becker model of fertility to allow for stochastic realizations of a couple’s underlying fertility

3For example, Portner et al. (2011); Miller (2010).
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preferences and demand for children. The defining feature and key contribution of the Caval-

canti et al. (2021) model is that couples cannot perfectly choose the number of children they

have; instead, they face uncertainty in achieving their desired fertility, and this uncertainty

can be mitigated through their use of contraception. Herein lies why we may expect family

planning services like those offered in our intervention to improve child health outcomes.

As contraceptives are costly to a couple, the Cavalcanti et al. (2021) model predicts that

when either contraceptive costs decrease or contraceptive effectiveness increases, couples will

increase their household consumption and the investments they make in their children.

Following this observation, we expect that our intervention may encourage investments

in child health by decreasing the realized price of contraceptives through financial reim-

bursement and free transport and by improving the perceived effectiveness of contraceptives

through counseling. Abstracting away from economic models, as couples increase their con-

traceptive use in response to family planning services, they are better able to control their

fertility. They are also more certain of the time horizon until their next birth event. This may

induce greater spending on human capital accumulation for their existing children if human

capital and birth parity act as substitutes in couples’ preferences. As improved certainty

over the timing of birth events allows couples to commit more credibly to human capital

investments in the short term, the combination of these effects means that family planning

services have the potential to increase investments in children substantially. Additionally, if

in line with the predictions above, households consume more as a result of either reduced

precautionary savings or reduced birth parity, this would be likely to indirectly improve child

health outcomes through improved maternal nutrition or an improved home environment.

By utilizing this theory of change, we implicitly accept a key assumption made by Caval-

canti et al. (2021), that couples use contraceptives to control fertility and reduce uncertainty

surrounding pregnancy. However, in practice, couples may use contraceptives for many rea-

sons, including the prevention of sexually transmitted infections or menstruation control. In

Appendix A, we utilize data on contraceptive and fertility intentions from our intervention

and show that, in line with this assumption, women report the efficacy of pregnancy preven-

tion as the most important characteristic in their contraceptive choice. We also show that

women using contraceptives at baseline display a greater desire for birth spacing and lower

fertility intentions than those not using.

While this theory of change is relatively straightforward, we must also acknowledge two

alternative mechanisms that, while plausible at the macro level, are unlikely to drive the

results we observe in this study. First, since healthy interpartum intervals are a central ob-

jective of family planning programs, it is possible that our intervention improved child health

outcomes through the reduction of maternal depletion syndrome, the insufficient repletion
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of maternal folate levels between pregnancies which poses risks to child and maternal health

outcomes (Smits and Essed, 2001). While the evidence is limited, multiple studies have doc-

umented the role of family planning in allowing women and couples to more effectively time

and space pregnancies (Bhatia et al., 1980; Cleland et al., 2012; Debpuur et al., 2002; Joshi

and Schultz, 2013). This is promising as short birth intervals have been associated with an

increased risk of neonatal, infant, and child mortality (Rutstein, 2006; Conde-Agudelo et al.,

2006, 2012; DaVanzo et al., 2004; Molitoris et al., 2019) and have also been linked to higher

rates of stunting and wasting in children (Rutstein, 2006; World Health Organization, 2005;

Huttly et al., 1992; Miller and Karra, 2020; Fink et al., 2014). Indeed, in Karra et al. (2022),

we show that pregnant and postpartum women who received our family planning interven-

tion had a significantly lower risk of short pregnancy spacing (having a subsequent pregnancy

within 24 months) and giving birth again within three years of their last birth. This leads to

the conclusion that changes in interpartum intervals due to our intervention may be driving

our results. However, in this study, we restrict our sample to children born at baseline. As

such, these children’s preceding birth intervals were determined before intervention initiation

and cannot have been influenced by our intervention.

Second, for any intervention that induces a decline in fertility, such as ours, there is a set

of children who are not observed but would have been born in the absence of the intervention.

It is often the case that these “marginal children” would have been born to mothers from

more disadvantaged settings.4 It is, therefore, possible that changes in child health outcomes

due to fertility programs may reflect the fact that fewer children were born in disadvantaged

settings rather than actual benefits to children. Naturally, one may assume that is also the

case with the results presented in this paper. However, as we restrict our analysis to children

already alive at baseline, these “marginal” children would not directly enter our estimation

and, as such, cannot drive our results. Nevertheless, children in our sample may be less

likely to have a younger sibling due to our intervention, meaning the compositional effects

we discuss above may enter our estimation indirectly. To explore this possibility, we present

a comparison of baseline characteristics of mothers who did and did not have a second birth

before our endline survey in Appendix B and observe no significant differences in observable

characteristics across birth groups.

4In the United States, studies have shown that children who are not born as a result of legalized abortion
would have been 70 percent more likely to be born to a single mother and 40 percent more likely than the
average child to grow up in poverty (Gruber et al., 1997).
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3 Study Design

Our empirical analysis is based on data from a randomized controlled trial conducted in

Lilongwe, Malawi, between November 2016 and November 2018. We provide an abbreviated

description of the trial; a more detailed description of the study design and intervention can

be found in Karra and Canning (2020).

Women who were either pregnant or immediately postpartum (had a live birth within

six months of the baseline screening) were recruited to participate in the study. Following a

baseline survey implemented from September 2016 to January 2017, women were randomly

assigned to either an intervention or control arm. Women assigned to the intervention arm

received a comprehensive family planning package of services over a two-year period, which

included: 1) an information brochure and up to six counseling visits from trained family

planning counselors; 2) free transport to a high-quality private family planning clinic in

Lilongwe; 3) financial reimbursement for family planning services, including for the treatment

of contraceptive-related side effects. Annual follow-up surveys were conducted with women

and all children under age six who were available in the household at the time of the interview.

Data collection for the first follow-up survey began in August 2017 and was completed in

February 2018. Data collection for the second follow-up survey began in August 2018 and

was completed in February 2019.

In this study, we use baseline and follow-up data on children to present findings related

to the intervention’s impact on the subsample of children who were alive at baseline and

resulted from the pregnancy for which the women were enrolled in the study (the “index”

children). This choice of sample allows us to circumvent sample selection issues created by

women who reported a pregnancy at baseline but for who we never record a live birth, either

because of miscarriages or misreporting.5 Among these children, we test the extent to which

the family planning intervention may have impacted these early-life linear growth patterns

due to changes to parental investment behavior.

5As a robustness check, In Appendix C, we expand our sample to include index children born during the
study. The findings in this expanded sample are largely congruent with our main results. This expanded
sample is presented, in part, for transparency, as this was the primary sample in an earlier circulated version
of this work. Our choice to revise the primary sample in this paper solely relates to the attrition problem
that we will explore later. Focusing on children alive at baseline, we can identify baseline characteristics for
those children we do not observe later in the study, allowing us to estimate the extent to which attrition
biases our results.
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3.1 Study Sample

3.1.1 Eligibility

Women were recruited to participate in the baseline survey if they were:6

1. Married;

2. Currently pregnant or had given birth within the previous six months;

3. Between the ages of 18 and 35;

4. A permanent resident of Lilongwe, Malawi;

5. Not sterilized nor had undergone a hysterectomy.

For women enrolled in the study, anthropometric data7 was collected from children who

were:

1. Under age six at baseline;

2. Identified as the biological or adopted child of the woman who was enrolled in the

study;

3. Present in the household at the time of the interview.

Parental consent for collecting height, weight, and hemoglobin measurements was obtained

from the woman for each of her eligible children.

3.1.2 Sample Size and Randomization

A total of 2,143 women were enrolled in the study in 2016. Following the baseline survey,

women were randomly assigned to intervention and control groups by stratified covariate

balanced randomization as proposed by Bruhn and McKenzie (2009). Women were allo-

cated to strata based on the following baseline characteristics: number of living children,

contraceptive use, age of sexual debut, level of educational attainment, work status, and

their neighborhood of residence at baseline. In total, 1,026 women were assigned to the

intervention arm, while 1,113 women were assigned to the control group. Additional details

of the randomization protocol are presented in Karra et al. (2022).

For this study, we restrict the sample of children to those “index” children who were

already born at baseline. Among this sample, there are 1,034 children,8 538 were born

6In addition to these inclusion criteria, no two women were enrolled from the same household. If more
than one woman in the same household were eligible to participate in the study, the youngest eligible woman
was recruited to participate. To minimize potential spillover effects between intervention and control groups,
women chosen to be enrolled in the study were selected to be sufficiently distant from each other (at least
five households apart).

7Heights, weights, and hemoglobin measures, as an indicator for anemia, were collected in all three survey
waves. The study team collected hemoglobin measures using a rapid on-site blood diagnostic test (HemoCue).
In the second follow-up survey, a set of questions were added to measure the cognitive development of the
child.

8Among the women sampled for the study, 1,037 report being immediately postpartum at the time of

8



Table 1: Baseline Balance

(4)
(1) (2) (3) Difference ‘

Full Sample Treatment Control (3) - (2)

Sample Women
Current Use of FP (1 = Yes) 0.489 0.492 0.486 -0.006
Long Acting Method Use (1=Yes) 0.069 0.070 0.069 -0.002
Injectable Use (1=Yes) 0.386 0.390 0.382 -0.007
Implant Use (1=Yes) 0.065 0.064 0.065 0.001
Ever Use of FP (1 = Yes) 0.825 0.857 0.796 -0.062***
Woman’s Age (Years) 24.954 25.046 24.868 -0.178
Total Number of Children 2.416 2.435 2.400 -0.035
Primary Education (1 = Yes) 0.571 0.574 0.568 -0.007
Secondary Education (1 = Yes) 0.429 0.426 0.432 0.007
Tertiary Education (1 = Yes) 0.029 0.024 0.033 0.009
Religion (1 = Christian) 0.836 0.855 0.818 -0.037
Ethnicity (1 = Chewa) 0.415 0.423 0.409 -0.014
Woman Works (1 = Yes) 0.083 0.080 0.085 0.005
Age of First Cohabitation (Years) 18.981 19.006 18.957 -0.049

Observations 1,037 498 539
P-Value (Joint Significance) 0.462

Sample Children
Child’s Age (Months) 2.909 2.901 2.915 0.014
Child’s Biological Sex (1=Male) 0.492 0.504 0.481 -0.023
Child’s Birth Order 2.366 2.393 2.340 -0.053
Preceding Birth Interval (Months) 51.731 52.401 51.046 -1.355
Height-for-Age Z-Score -0.199 -0.186 -0.211 -0.026
Weight-for-Age Z-Score 0.126 0.115 0.136 0.022

Observations 1,034 496 538
P-Value (Joint Significance) 0.276

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For the top panel, the unit of analysis is a woman. For the bottom panel, it is a child. Our
sample includes three women who report being immediately postpartum but whose children we do not
record. These women are dropped from further analysis but included here for completeness. Stars are
based on the critical value from individual t-tests.

to women assigned to the control group, while the remaining 496 children were born to

women assigned to receive the family planning intervention. Table 1 presents key descriptive

statistics for children enrolled in our study at baseline, as well as women who had already

given birth to their “index” child. We see from Table 1 that apart from prior experience

with contraception, where treatment women were slightly more likely to have ever used a

the baseline survey. However, for 3 of these women, their child was not available at the time of the baseline
survey, and they are therefore excluded from the study.
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contraceptive method relative to control women, women are generally balanced across key

characteristics at baseline. We also note that there are no significant differences among

children in the treatment group relative to the control group at baseline. Through joint

significance tests, we provide additional evidence that children and women are not likely to

be systematically different across intervention arms at baseline.

As mentioned earlier, non-measurement threatens our results throughout this paper.

From the onset of our study, this non-measurement is high, and we can capture anthro-

pometric data for only 52.7 percent of children at baseline, 545 children in total. These

measurement issues persist, and we can only obtain anthropometric data for 406 children

during the first-year follow-up for our study. Finally, during our endline survey, we were

forced to pause our anthropometric data collection, particularly the administration of on-

site blood testing for anemia, out of concern for the safety of our enumerators.9 For this

reason, although we have some data on anthropometrics at endline, we report treatment

effects using data from first-year follow-up within this paper. Table 2 breaks down these

sample metrics by intervention arm.

Table 2: Sample Description

Survey Year

2016 2017 2018

All Children

Control 538 413 381
Treatment 496 386 361

Children with Heights Measured

Control 285 219 121
Treatment 260 187 103

Measurement Percentage

Control 53% 41% 22%
Treatment 52% 38% 21%

Notes: Reported percentages are relative to the full sample of children who are observed, regardless of
measurement; 538 children for the control arm and 496 children for the treatment arm.

9In September and October 2017, at least five people were killed by lynch mobs accusing them of vam-
pirism and blood-sucking. News sources reported that mobs searching for accused vampires in communities
had been mounting roadblocks, which raised safety and security concerns throughout the country (Reuters,
2017). In response to these rumors, the United Nations, international NGOs, and other institutions in
Malawi withdrew many staffers from southern districts. They suspended any research-related collection of
blood samples from respondents. For these reasons, children interviewed after the suspension of anthropo-
metric data collection were not measured.
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For our midline survey, among children who were not measured, seven children had died

before the first follow-up, 113 children were not at home at the time of the interview, 146

children did not have consent granted by their parents, and 111 were not measured for other

reasons.10,11 Figure 1 presents a flowchart combining the discussion throughout this section

thus far, demonstrating the randomization protocol and identifying the reasons for attrition

and non-measurement by treatment groups during the first-year follow-up survey.

Figure 1: Experimental Design and Attrition Tracking

A high rate of non-measurement may be a concern for identification if attrition, as well

as the reasons for non-measurement, are differential across intervention and control arms.

The reader will notice that while the rates of non-measurement are high, they are similar

across groups. Nevertheless, these high rates may pose a major threat to our results if those

10Based on our observations from data collection, we note that a majority of the “other” instances of non-
measurement resulted when the child refused to cooperate with the field officer after their parent had granted
consent for measurement. Surveyors on our field team were informed of the importance of measurement and
were instructed to make every attempt to work with the child to be measured; however, no child was forced
into measurement, and the study team was requested to cease measurement after three attempts.

11In addition to those not measured, a small group of 16 children were excluded from the sample because
their Z-scores fell outside of the WHO recommended exclusion criteria due to measurement error in age.
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children who are not measured are systematically different or come from systematically

different environments than those who are. In section 3.4, we present an analysis of this

attrition in both levels and characteristics to explore this possibility. Later, in section 4.2,

we outline the methods we use to study the sensitivity of our results to bias created by this

attrition.

3.2 The Intervention

Women assigned to the treatment group were offered a comprehensive, multi-component

postpartum family planning package over a two-year intervention period. The intervention

was designed with support from the Malawi Ministry of Health (MOH) and Reproductive

Health Directorate (RHD), key NGOs working in family planning and reproductive health

in Malawi, and local communities to overcome multiple barriers to access to care, including

knowledge barriers as well as geographic and financial accessibility constraints.

First, women were offered up to six free family planning counseling sessions over the

intervention period. The sessions, conducted by trained counselors, took no longer than an

hour each and took place in a private room in the woman’s home. During the sessions,

women received information on a full range of contraceptive methods and their potential

side effects. Women also received pamphlets that included information on the benefits of

birth spacing, the role of family planning as a means to space and time pregnancies, the

treatment and management of side effects, and common myths and misconceptions related

to contraceptive methods. Importantly, women were informed of their access to the other

intervention components during the first counseling session.

In addition to counseling, women were offered free transportation to a local private

family planning clinic, the Good Health Kauma Clinic. The Good Health Kauma Clinic

was chosen because it was identified as a high-quality service provider that offered clients a

comprehensive list of family planning methods and related services.12 The transport service

was provided by a private taxi driver hired exclusively for the project. In addition, all

clients were accompanied by a female field manager in the taxi, and the field manager was

responsible for scheduling the trip with the client. Her presence in the taxi also mitigated

any social stigma and perceived safety concerns that the woman may have had from traveling

in a vehicle with an unknown man.

Finally, women assigned to the intervention arm received up to 17,500 MKW (∼$25.00
12Services offered by the Kauma Clinic include insertion and removal of long-acting methods by trained

clinicians, capacity for the treatment of contraceptive-related side effects and contraindications, referrals
for sterilization, and additional counseling on family planning and methods. A full range of contraceptive
methods was available at the Kauma Clinic (there were no reported stockouts of methods), and waiting
times at the clinic were reported to be low.
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USD) in financial reimbursement for any costs incurred while receiving family planning

services at the Kauma Clinic. Costs eligible to be reimbursed included those related to the

procurement of family planning methods, family planning consultations, lab test fees, and

exam fees. Though the 17,500 MWK was non-transferable to other non-family planning-

related services, women could redeem the reimbursement over multiple visits throughout the

two-year intervention period. In addition, women received a series of services to treat side

effects. If a woman in the intervention arm experienced a side effect or contraindication, she

could contact a doctor via telephone and would receive advice on how she could best seek

care. The doctor would conduct a preliminary telephone consultation and refer the woman

to seek care at their nearest public clinic, public hospital, or the Kauma Clinic. All women in

the intervention arm also received an “emergency package” during the first counseling visit,

which consisted of a transport voucher and mobile phone credit. This package was given

to all women in the intervention arm, regardless of whether they took up any intervention

component or not and whether they experienced a side effect. The counselor informed the

woman that the woman could use the emergency package to cover airtime costs incurred for

consultation and any emergency transport costs for travel to a health facility, particularly

for treating contraceptive-related side effects. The woman was asked to keep receipts of any

costs she incurred at the health facility to be reimbursed later. The reimbursement could

apply to cover the cost of treatment for side effects for all family planning methods used by

the woman, regardless of where the method or treatment was procured. All reimbursements

for an incurred cost were distributed as closely as possible to the time the reimbursable cost

was incurred (typically within one to three days).

Women assigned to the control arm received publicly available information on family

planning methods and information about their nearest family planning clinic. The women

were only contacted again at follow-up.

3.3 Findings From Previous Analyses

This study is one in a series of analyses that present findings from the Malawi Family

Planning Study. As prescribed in our pre-analysis plan and the protocol for the study (Karra

and Canning, 2020), child growth and development are identified as secondary outcomes

that provide evidence for the potential long-run causal impact of improved access to family

planning services. As such, the trial was powered to detect effects in contraceptive use,

contraceptive method mix, and short birth intervals. While these outcomes are beyond

the current scope of this study, the theory that we present is predicated on the condition

that FP/RH services provide women with the opportunity to exercise greater reproductive
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control. Indeed, Karra et al. (2022) shows that women assigned to the intervention arm were

5.9 percentage points more likely to be using contraceptives after two years of exposure to

the intervention. The effect seems particularly strong among women who were immediately

postpartum at the time of recruitment; these women were 7.2 percentage points more likely

to be using contraceptives. In terms of method mix, the increases in contraceptive use seem

to have coincided with an increase in demand for long-acting reversible methods, as we

observe a 4.6 percentage point increase in contraceptive implants.

While the impacts that we observe on contraceptive use are promising and in line with our

prior predictions, the strongest results that we find in our previous analysis, which are most

relevant for this study, are those that examine intervention impact on inter-birth intervals.

We conduct a survival analysis on the hazard of experiencing a short inter-pregnancy interval.

We find that women assigned to the intervention arm were 43 percent less likely to have a

second pregnancy within 24 months of their index birth at baseline. Together, these results

show that FP/RH services allowed women to exercise greater reproductive control, which

may impact downstream child growth and development.

3.4 Attrition Analysis

In Section 3.1.2, we discussed the high levels of attrition that we observe throughout our

study. This attrition comes in two forms. First, a non-negligible 22.8 percent of children

are not observed in any form at first-year follow-up. While this amount of attrition may

be considered standard in an urban setting, among the 799 children that we observe, we

only have outcome data for 406 children,13 creating a measurement rate of only 50.8 percent.

With attrition rates this high, we cannot simply present the intent-to-treat (ITT) estimates

of our estimates and consider them causal.

Attrition rates this high may bias our results in two ways. First, if the probability of

leaving the sample or refusing measurement is systematically determined by assignment to

either experimental group, if, for instance, women in the treatment group are more likely to

participate in the survey or allow their child to participate in measurement, this introduces

the possibility of selection bias into our estimates. More precisely, if measured children are

systematically different across treatment groups, this would invalidate our randomization

and introduce the possibility of omitted variable bias into our estimations. This type of

13In this paper, we present results for three different anthropometric outcomes: heights, weights, and
hemoglobin. There are slightly different levels of missingness for each of these variables; we observe heights
for 406 children, weights for 409, and hemoglobin for 374. The rate of hemoglobin measurement is slightly
lower, likely because the process is more demanding on the child, and therefore they were less likely to
consent to measurement. In this section, we conduct our analysis of the missingness in heights. We do this
for simplicity and because we consider heights our main outcome.
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systematic attrition would threaten the internal validity, implying that our estimates are

not a valid causal relation on any population and is the more severe of the two possible

biases we explore here.

Second, we may observe that the characteristics of the mother or the child systemati-

cally determine the probability of non-measurement. That is to say that the attrition is not

necessarily different across treatment groups but that those children who are measured are

systematically different than those who are not. While this form of potential bias is less

severe, it would still change the interpretation of our results. In the case where attrition is

systematically determined by characteristics but not systematically different across groups,

our external validity would be threatened, that is that we would still have a valid causal esti-

mate, but an estimate that is only applicable to the subsample of children in our estimation,

rather than being representative of the causal effect on the entire study sample.

Table 3: Attrition Balance Table

Remaining Participants Lost to Follow-up

Treatment Control Treatment Control Difference Difference Difference Difference
(N=185) (N=216) (N=311) (N=322) (1) - (2) (1) - (3) (2) - (4) (3) - (4)

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

Maternal Characteristics
Current Use of FP (1 = Yes) 0.497 0.417 0.489 0.525 0.081 0.009 -0.108** -0.036
Long Acting Method Use (1=Yes) 0.059 0.088 0.074 0.059 -0.029 -0.014 0.029 0.015
Injectable Use (1=Yes) 0.395 0.310 0.386 0.419 0.084* 0.009 -0.109** -0.033
Implant Use (1=Yes) 0.054 0.074 0.068 0.059 -0.020 -0.013 0.015 0.009
Ever Use of FP (1 = Yes) 0.886 0.796 0.839 0.795 0.090** 0.047 0.001 0.044
Woman’s Age (Years) 25.119 25.606 25.161 24.335 -0.488 -0.042 1.271*** 0.825**
Total Number of Children 2.443 2.537 2.479 2.329 -0.094 -0.036 0.208 0.150
Primary Education (1 = Yes) 0.535 0.537 0.588 0.590 -0.002 -0.053 -0.053 -0.002
Secondary Education (1 = Yes) 0.465 0.463 0.412 0.410 0.002 0.053 0.053 0.002
Tertiary Education (1 = Yes) 0.038 0.046 0.019 0.025 -0.008 0.019 0.021 -0.006
Religion (1 = Christian) 0.870 0.838 0.849 0.804 0.032 0.021 0.034 0.045
Ethnicity (1 = Chewa) 0.432 0.417 0.419 0.408 0.016 0.013 0.009 0.011
Woman Works (1 = Yes) 0.076 0.088 0.084 0.084 -0.012 -0.008 0.004 -0.000
Age of First Cohabitation (Years) 19.120 19.223 19.016 18.800 -0.104 0.103 0.423* 0.216

Child Characteristics
Child Age (Months) 2.751 2.791 2.991 2.999 -0.040 -0.240 -0.208 -0.008
Biological Sex (1=Male) 0.470 0.500 0.524 0.469 -0.030 -0.054 0.031 0.055
Child’s Birth Order 2.384 2.435 2.399 2.276 -0.051 -0.015 0.159 0.122

P-Value (Joint Significance) 0.435 0.738 0.025** 0.315
Observations (Joint Significance) 399 493 534 628

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. Stars are based on the critical value from
individual t-tests. Joint tests are computed using only observations for which we posess full data on all
characteristics.

To explore the possibility of the biases discussed above, Table 3 presents the attrition of

our sample in characteristics, comparing the baseline characteristics of mothers and children

across measurement groups and treatment groups at first-year follow-up. We observe that

among the measured children, the pattern of balance across treatment groups remains largely
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unchanged, with mothers of children reporting greater contraceptive experience. However,

we do not observe jointly significant differences in the baseline characteristics of children

measured at first-year follow-up. This is also the case for children who are not measured. We

observe that children who were not measured in the treatment group seem to have been born

to slightly older mothers than those not measured in the treatment group. However, much

like for those children who were measured, we do not observe jointly significant differences

across characteristics. The inability to detect differences across intervention arms among

measured or non-measured children means we cannot reject the hypothesis that the attrition

we observe is balanced across groups. This fact is suggestive evidence that the estimates we

present are internally valid, in lieu of attrition adjustment.

While the differences that we observe across treatment groups are promising for our

aims of causal estimation, the differences that we observe within treatment groups do give a

reason for pause. Within the treatment arm, we observe no statistically significant differences

among baseline characteristics for those children who were measured at first-year follow-up

versus those who were not. However, within the control group, we observe moderately-

sized differences in mothers’ contraceptive use and age. Further, our results suggest that the

baseline characteristics of children who were measured versus those who were not at first-year

follow-up are jointly different. These differences may suggest two things. First, they may

suggest that those children who were measured were systematically different than those who

were not, regardless of their assigned intervention arm. Given the context and hesitancy with

measurement, it is certainly possible that measurement refusals correlate with a mother’s

characteristics. As discussed in section 3.1.2, differences of this kind would threaten the

external validity of our estimates, meaning that any unadjusted causal effects that we may

find cannot be considered an unbiased estimate of the treatment effect on the study sample.

In our analysis, we confront this possibility by estimating the probability of measurement

using baseline characters and weighting our estimates by the inverse of this probability to

create a sample-representative estimate of the treatment effect. We discuss this method

further, and present results from the probit model used to estimate the propensity scores in

Section 4.2.1.

A second possibility created by the differences we observe is that there are systematic

differences across treatment and control groups that we are underpowered to detect. While

we consider this unlikely, we nevertheless take steps to accommodate this possibility. To

adjust for potential bias created by selection into measurement, we use a Heckman-style

selection model to model measurement likelihood using the measurement rates of the enu-

merator assigned to interview that given household. We discuss more on this method in

Section 4.2.2.
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4 Empirical Strategy

4.1 Intent-to-Treat Analysis

Our main results present findings from an Intent-to-Treat (ITT) analysis of intervention

impact. The ITT specification identifies the average treatment effect (ATE) on children

born to mothers in the treatment group relative to the control group and is preferred, in our

case, to a local average treatment effect (LATE) specification, which represents the ATE for

children born to mothers who utilized the program. In the interest of understanding how

improved access to family planning may affect childhood development generally, a restricted

LATE analysis, where only children of mothers who took advantage of the program are

included, would overestimate the program’s effect due to selection into program uptake.

Given that not every woman will decide to participate in the program even if such a program

were ever taken to scale, an ITT specification would better reflect the policy relevance of

integrating family planning services into a larger campaign to ameliorate stunting.

Although we present an ITT specification and believe this to be the most policy-relevant

estimate, several interesting questions can still be answered using a LATE analysis, including

determining which intervention component drives our result. In Appendix D, we discuss some

of the causal challenges we face in disaggregating component effects and present correlational

evidence on this question.

For our ITT analysis, we present results from the following specification:

Yim = α + βTTm + δMOBim + γf(ageim) +Ximλ+ Zmζ + χm + εim (1)

In Equation 1, Yim is the outcome of interest for child i born to motherm. This paper presents

findings on children’s height-for-age z-score, stunting (a binary outcome), weight-for-height

z-scores, hemoglobin levels, and cognition scores. Tm is an indicator variable representing

the child’s mother’s assignment to treatment, and βT , the impact of the intervention, is

our coefficient of interest. MOBim is an indicator variable for the child’s birth month.

Xim is a vector of child characteristics measured at baseline, including biological sex and

birth order, and Zm is a vector of maternal characteristics measured at baseline, including

age, work status, education, religion, ethnicity, total number of children, ever use of family

planning, and age of sexual debut. χi is a neighborhood fixed effect defined by the sampled

enumeration areas within Lilongwe. f(agei) captures a flexible specification over the child’s

age, and the results we present are for a spline with knots at 6, 12, 18, 24, and 30 months.

This specification allows our model to account for the biological changes in linear growth

patterns within the early years of life (Cummins, 2013). In the presentation of our results, we
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present βT estimated by a naive model containing only treatment assignment, one in which

we add the age-specific controls MOBim, and finally, the fully adjusted model presented in

Equation 1. In each of these specifications, we cluster standard errors by mother to account

for genetic correlation among non-singleton births.

4.2 Attrition Adjustment

In Section 3.1.2, we characterized the large amount of attrition that we observe in our sample

and discuss how this attrition may impact our estimates’ internal and external validity. There

is a large literature on adjusting estimates from randomized trials in the presence of sample

attrition. However, there is no “standardized” approach. As such, we present estimates from

multiple methods of correction to build a holistic body of evidence on how attrition impacts

our results. These methods are described below.

4.2.1 Inverse Probability Weighting

As we believe a large portion of our attrition is due to the out-migration of study women,

and migration is often correlated with characteristics such as education and age, it may

be reasonable to assume that the probability of attrition in this setting is, at least in part,

determined by the characteristics of a child’s mother. If that is the case, the natural approach

to correcting for any imbalances this may cause is to utilize propensity score weighting.

Indeed, that is how Macours and Molina Millán (2017) propose correcting for sample attrition

in their trial of a conditional cash transfer program conducted in Honduras.

Following their suggestions, we accompany our main ITT estimates with a specification

inverse probability weighting. These estimates, which adjust for the fact that the probability

of measurement is not equal across all children, represent a sample-representative estimate

of the causal impacts of the program. Additionally, this methodology allows us to expand

our investigation of our sample attrition beyond the balance table presented in Table 3. In

Table 4, we present the results of the logit model that we use to estimate our propensity

scores, relating the probability of measurement for each of our primary outcomes to baseline

characteristics.

We see from Table 4, first and foremost, that the odds ratio for treatment assignment

is less than one across all outcomes, implying that children in the treatment group were

less likely to be measured than those in the treatment group. We cannot, however, reject

the hypothesis that the true probability of measurement is equal across intervention arms.

Extending this analysis, there seems to be little correlation between maternal and child
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Table 4: Selection into Attrition

(1) (2) (3) (4)
Height-for-Age Z-Scores Weight-for-Age Z-Scores Hemoglobin Cognition Z-Scores

Treatment 0.847 0.853 0.854 0.907
(0.115) (0.115) (0.117) (0.128)

Measured in 2016 1.764*** 1.685*** 2.359*
(0.243) (0.233) (1.046)

Woman Works 0.928 0.878 0.764 0.970
(0.235) (0.222) (0.200) (0.251)

Ever Use of Contraceptives 1.329 1.360 1.179 0.921
(0.308) (0.312) (0.270) (0.221)

Current Use of Contraceptives 0.799 0.848 0.877 1.302
(0.147) (0.155) (0.163) (0.252)

Age of First Cohabitation 1.023 1.026 1.014 1.015
(0.0314) (0.0314) (0.0314) (0.0329)

Primary Education 0.847 0.850 0.761* 0.938
(0.127) (0.127) (0.113) (0.144)

Religion (1=Christian) 1.252 1.165 1.011 1.380*
(0.233) (0.213) (0.188) (0.266)

Ethnicity (1=Chewa) 0.995 0.970 0.867 1.327*
(0.138) (0.134) (0.122) (0.193)

Child Sex (1=Male) 0.938 1.062 0.902 1.021
(0.129) (0.145) (0.124) (0.144)

Observations 1026 1026 1023 1023

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. Odds rations from a logit model are reported.
Standard errors are reported in parentheses. In the interest of space, Coefficients are not reported for the
spline over age or fixed effects on birth month, birth order, maternal birth parity, maternal age group,
or neighborhood.

characteristics.14 Instead, across outcomes, we see that the best predictor of measurement

at follow-up is having been measured at baseline.15 Overall, Table 3 analyses attrition in

characteristics, and Table 4 allows us to conduct this analysis in levels. Together, these

tables show that, while attrition is high, there is little evidence that it is differential across

groups.

Estimating the propensity scores of measurement at follow-up also allows us to inspect

for differences in the probability of measurement visually. By plotting propensity scores at

baseline of children who would go on to be measured versus those who were lost from the

sample, we can get an idea of the similarity between these children. Figure 2 displays the

distribution of propensity scores at baseline. From this figure, we see that there is significant

overlap across groups, implying that our weighting is valid and that the characteristics we

14Propensity scores are estimated using the same specification as the ITT model, meaning that they include
fixed effects for birth order, month of birth, maternal age group, and neighborhood, and a spline over child’s
age. In the interest of space, we do not report that large number of coefficients here, but we note that our
estimates imply that younger children at baseline were less likely to be measured across all outcomes.

15The caregiver-reported measure of cognition was added to our survey instrument at endline, and thus
no children were measured at baseline.
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observe in this study have little effect on the probability of measurement at follow-up.

Figure 2: Non-Parametric Density Distributions of Attrition Propensity Scores

Notes: Density estimations are produced using a Gaussian Kernel and the rule-of-thumb optimal
bandwidth. Distributions are presented at study baseline.

4.2.2 Heckman Selection Model

As much of our attrition is driven by a refusal to participate in measurement, and we

have shown that missingness is not well-predicted by observable characteristics, we may

be concerned that it is determined by non-observable characteristics. To investigate this

possibility, we accompany our main ITT estimates with estimates from a Heckman-style

selection model (Heckman, 1979). Recent work by Koné et al. (2019) has shown that these

style models can return unbiased estimates in the context of missingness in birth weight data.

In our context, we model missingness as a function of the enumerator assigned to interview

the household under the assumption that measurement is, at least in part, a function of an

enumerator’s “bedside manner”.16 Further, this “bedside manner” should not correlate with

16During field trainings, our enumerators reported difficulty getting children to agree to sit still for mea-
surement. Our model’s identification assumes that some enumerators are better at convincing a child to
participate.
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our outcomes, making it a suitable candidate to model missingness.

4.2.3 Bounding

Finally, across the literature on RCTs, where attrition is accounted for in estimates, it is most

often accounted for using bounding methods (Macours and Molina Millán, 2017). Bounding

techniques make assumptions about the potential outcomes of missing data and estimate

coefficients using this assumed data, giving researchers an idea of how effects would look

if those assumptions are accurate. In this paper, we present bounds of the Kling-Liebman

type (Kling et al., 2007). These bounds are created by assuming missing outcomes are +/-

a given number of standard deviations away from the with-in intervention arm mean. In

this paper, we present the bounds under two sets of assumptions. In the first, we assume

missing data takes the outcome +/- 0.1 standard deviation away from the group mean; in

the second, more severe case, we assume this number is +/- 0.2 standard deviations. These

scenarios are similar to those used in Özler et al. (2021) to correct for sample bias due to

repatriation and third-country relocation in Turkish refugee camps. We consider both of

these scenarios unrealistic, but these assumptions allow us to study our treatment effects

under severe cases of selection bias.

4.3 Multiple Hypothesis Testing

We run Equation 1 on several child health and cognitive outcomes. To correct for the

testing of multiple hypotheses, we present frequentist q-values that are adjusted for the

False Discovery Rate (FDR) associated with that estimation. The FDR differs from the

false positive rate, reflected in standard p-values, in that it measures the likelihood that a

statistically significant hypothesis is truly null (Storey and Tibshirani, 2003; Newson, 2010).

We calculate these frequentist q-values using the method described in Simes (1986). Q-values

are calculated by estimation and sample (unadjusted vs. unadjusted and index sample vs.

expanded sample). They are reported in brackets alongside the more traditionally presented

p-values, which are presented in parentheses.

5 Results

5.1 Height-for-Age Z-Scores

To measure the effects of improved access to family planning on linear growth in children,

we report the treatment effect on height-for-age Z-scores (HAZ). HAZ scores are a standard
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metric of health and nutrition and, as a reflection of the path dependency of height, are sen-

sitive to nutrition and health shocks that may affect growth (Victora et al., 2010; Hoddinott

et al., 2013). In addition to HAZ, we report treatment effects on moderate and extreme

stunting in children.

Table 5: Results on Children’s Heights, Year 1

Unadjusted Estimates Bounds and Adjusted Estimates

(1) (2) (3) (4) (5) (6) (7) (8) (9)
+/- 0.2 SD +/- 0.1 SD Heckman Adjusted Estimate IPW +/- 0.1 SD +/- 0.2 SD

Panel A: Height-for-Age Z-Score

Treatment 0.284* 0.308* -0.0624 0.123** 0.340** 0.339** 0.316* 0.492*** 0.677***
(0.155) (0.157) (0.0628) (0.0621) (0.151) (0.162) (0.162) (0.0617) (0.0620)
[0.119] [0.090] [0.064]

Control Mean -1.67 -1.67 -1.67

Panel B: Moderate Stunting (HAZ ≤ -2)

Treatment -0.107** -0.114** 0.00617 -0.0536*** -0.119** -0.120** -0.118** -0.173*** -0.233***
‘(0.0491) ‘(0.0499) (0.0199) (0.0197) (0.0489) (0.0519) (0.0548) (0.0196) (0.0198)
[0.071] [0.052] [0.051]

Control Mean 0.42 0.42 0.42

Panel C: Extreme Stunting (HAZ≤ -3)

Treatment -0.0276 -0.0294 0.0610*** 0.0154 -0.0411 -0.041 -0.0336 -0.0757*** -0.121***
(0.0377) (0.0383) (0.0151) (0.0149) (0.0372) (0.0400) (0.0445) (0.0149) (0.0150)
[0.478] [0.516] [0.430]

Control Mean 0.17 0.17 0.17

Age and Birth Month Controls X X X X X X X X
Mother and Child Characteristics X X X X X X X

Observations 406 406 1,037 1,037 404 404 399 1,037 1,037

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from OLS models
with standard errors in parenthesis. OLS estimates are accompanied by estimates from an inverse
probability weighting model (Column 7), Heckman-type selection model (Column 5), and Kling-Leibman-
type bounds (Columns 3, 4, 8, & 9). The adjusted regressions (Column 6) include woman-level controls
such as use of family planning methods, ever use of family planning methods, the total number of
children who are alive (included as a set of dummy variables), educational attainment of the woman
(primary or less versus secondary and higher), age of the woman (in three age groups), age of sexual
debut, religion (Christian versus other), tribal ethnicity (Chewa versus other), and age of sexual debut
and child-level controls such as biological sex, birth order (included as a set of dummy variables), birth
month fixed effects and a flexible form over the child’s age. All controls are included at their baseline
value. Neighborhood fixed effects are included and standard errors, clustered at the mother level, are
reported in parentheses. Sharpened q-values are presented in brackets.

Table 5 presents the unadjusted (Columns 1 & 2) and adjusted (Column 6) ITT estimates

for the treatment effect on child height-for-age Z-scores,17 moderate stunting, and extreme

stunting18 during the first year. The ITT effects are accompanied by estimates from the

17A child’s Z-score is calculated as the number of standard deviations their height is from a healthy
reference or standard child of the same age and sex. The reference height distribution is derived from the
WHO Multicentre Growth Reference Study (MGRS), which measured the heights of healthy children around
the world to determine standard growth patterns (de Onis et al., 2004).

18A child is considered to be moderately stunted if her height is more than two standard deviations below
the height of an average reference child of the same age and sex. A child is considered extremely stunted if
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inverse probability weighting model (Column 7), Heckman-type selection model (Column

5), and Kling-Leibman-type bounds (Columns 3, 4, 8, & 9). In addition to Table 5, Figure

3 presents non-parametric density distributions for children’s height-for-age.

Figure 3: Non-Parametric Density Distributions of Children’s Height-for-Age Z-Scores

Notes: Density estimations are produced using a Gaussian Kernel and the rule-of-thumb optimal
bandwidth. The left panel displays the distributions of children at baseline by treatment group.
The right panel displays children at first-year follow-up

The results from Figure 3 and Table 5 suggest that improved access to family planning has

a large, causal effect on early childhood growth. In addition, the sharpened q-values for each

estimation suggest a low FDR, further supporting our inference. To accompany the 0.28-0.34

standard deviation increase in children’s height for age as a result of the intervention, we

find a 10.7-12.0 percentage point decrease in moderate stunting. To explain this result, we

refer back to Figure 3, which shows that the modal child in the control group is only slightly

above the moderate stunting threshold at the first year follow-up.19 This means that the

increase in height-for-age that we observe pushes a potentially large number of children over

the stunting threshold. While it is unlikely that there are significant differences in the health

of a child who is just above the stunting threshold compared to a child who is just below the

threshold, our findings nonetheless suggest that family planning may play a more significant

role in the larger effort to end childhood stunting than what has previously been speculated

(Fink and Rockers, 2014).

From our various forms of attrition adjustment, we observe a body of evidence that sug-

gests the implication of attrition bias on our estimates is minor. Both the inverse probability

her height is more than three standard deviations less than the height of an average reference child of the
same age and sex.

19Consistent with findings from previous studies (Roche and Himes, 1980), we observe a leftward shift in
the distribution of z-scores between waves. Other studies have shown that children’s HAZ tends to decrease
over the first two years of life before evening out and allowing for possible catch-up.
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and Heckman-type models report coefficients that are very similar to our adjusted estimate.20

Meanwhile, our results are robust to the moderate version of our assumptions on the Kling-

Leiban-type bounds. Under the more severe set of these assumptions, our estimates change

in sign but lose statistical significance.

We further explore these results in the appendixes of this paper. In Appendix E, we

study the potential heterogeneous effects of our intervention. We show that the treatment

effects may be larger among male children, children whose parents were interested in having

another child, and children with older siblings. In Appendix F, we attempt to reconcile our

results with the theory motivating this paper by conducting a causal mediation analysis to

determine the causal channels driving our results. Due to our modest sample size, we lack

the statistical power to make concrete statements about the underlying causal mechanisms

driving our results, but we display suggestive evidence that changes in health investments

and birth spacing may partially mediate the results.

5.2 Weight-for-Height Z-Scores & Hemoglobin Levels

While linear growth patterns serve as a meaningful proxy for a child’s cumulative health,

they are slow to change. For short-term shocks to a child’s health, weight-for-age z-score

(WHZ) is often used as a proxy. Given that weights change more readily than heights,

children’s weight, relative to their height, is more responsive to shocks to the child’s health

or nutrition, such as a prolonged period of fasting or diarrheal disease. Meanwhile, we may

observe changes in children’s growth patterns if we observe changes in their anemia status.

Iron deficient anemia, defined by insufficient hemoglobin levels, has been shown to affect

children’s cognitive and physical development, leading to decreased productivity in the long

run (Grantham-McGregor and Ani, 2001). As such, a positive causal effect of family planning

services on hemoglobin levels would provide a possible pathway toward affecting long-term

economic development.

With these statements in mind, we present estimates of the treatment effect of our in-

tervention on children’s WHZ and hemoglobin levels in Table 6. Our main estimates do

not find evidence of a treatment effect on children’s weights or hemoglobin levels. Given

the imprecision of the estimates, it is difficult to draw conclusions from these estimates.

However, studying the point estimates, we observe a negative point estimate on children’s

weights. It is perhaps unsurprising that we do not observe a treatment effect of our inter-

vention on children’s weights as we expect family planning services to act, in this context,

through increased investments in children. It is unlikely, however, that family planning ser-

20While the inverse probability coefficient for HAZ is only statistically significant to the 10 percent level,
we note that the corresponding t-statistic associated with this estimate is 1.95
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Table 6: Results on Weight-for-Height Z-Scores & Hemoglobin Levels, Year 1

Unadjusted Estimates Bounds and Adjusted Estimates

(1) (2) (3) (4) (5) (6) (7) (8) (9)
+/- 0.2 SD +/- 0.1 SD Heckman Adjusted Estimate IPW +/- 0.1 SD +/- 0.2 SD

Panel A: Weight-for-Height Z-score

Treatment -0.152 -0.181 -0.523*** -0.338*** -0.205 -0.145 -0.224 0.0314 0.216***
(0.153) (0.155) (0.0622) (0.0617) (0.184) (0.162) (0.195) (0.0618) (0.0624)
[0.450] [0.338] [0.431]

Control Mean 0.503 0.503 0.503
Observation 409 409 1037 1037 408 408 413 1037 1037

Panel B: Hemoglobin (g/L)

Treatment 0.11 0.0785 -0.280*** -0.0890 0.0757 0.117 0.0631 0.294*** 0.485***
(0.155) (0.156) (0.0574) (0.0569) (0.154) (0.165) (0.167) (0.0570) (0.0575)
[0.478] [0.614] [0.478]

Control Mean 9.83 9.83 9.83
Observations 374 374 1037 1037 374 374 368 1037 1037

Age and Birth Month Controls X X X X X X X X
Mother and Child Characteristics X X X X X X X

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from OLS models
with standard errors in parenthesis. OLS estimates are accompanied by estimates from an inverse
probability weighting model (Column 7), Heckman-type selection model (Column 5), and Kling-Leibman-
type bounds (Columns 3, 4, 8, & 9). The adjusted regressions (Column 6) include woman-level controls
such as use of family planning methods, ever use of family planning methods, the total number of
children who are alive (included as a set of dummy variables), educational attainment of the woman
(primary or less versus secondary and higher), age of the woman (in three age groups), age of sexual
debut, religion (Christian versus other), tribal ethnicity (Chewa versus other), and age of sexual debut
and child-level controls such as biological sex, birth order (included as a set of dummy variables), birth
month fixed effects and a flexible form over the child’s age. All controls are included at their baseline
value. Neighborhood fixed effects are included and standard errors, clustered at the mother level, are
reported in parentheses. Sharpened q-values are presented in brackets.

vices increase household resiliency to shocks or the sanitary environment in which children

live, which we would expect to reduce incidences of underweight. The negative coefficient,

then, likely reflects a larger denominator (height) due to the intervention.

Conversely, we observe a positive coefficient on hemoglobin level. It is certainly possible

that there is a positive impact of family planning services here that we are underpowered to

detect. However, to say this definitively, we would need a substantially larger sample size,

given the imprecision of the estimate.

5.3 Cognitive Development

Early life growth patterns are linked to cognitive development in children. To compliment

our results on children’s heights, we report the effect of the family planning intervention

on a composite measure of cognition created by the Caregiver Reported Early Development

Instruments (CREDI) (Fink et al., 2018). The CREDI instrument was designed to produce

a population-level measurement of early childhood development for children under age three
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and consists of sets of questions that are asked to caregivers of children of different ages

up to age 3. This instrument focuses exclusively on key child development milestones and

behaviors reported by the caregiver.21

Table 7: Results on CREDI Scores, Year 2

Unadjusted Estimates Bounds and Adjusted Estimates

(1) (2) (3) (4) (5) (6) (7) (8) (9)
+/- 0.2 SD +/- 0.1 SD Heckman Adjusted Estimate IPW +/- 0.1 SD +/- 0.2 SD

Panel A: CREDI Scores

Treatment 0.568*** 0.590*** 0.0841 0.342*** 0.694*** 0.693*** 0.682*** 0.859*** 1.118***
(0.212) (0.195) (0.0760) (0.0751) (0.190) (0.218) (0.252) (0.0747) (0.0753)
[0.027] [0.009] [0.006]

Control Mean 54.6 54.6 54.6

Panel B: CREDI Z-Score

Treatment 0.191*** 0.199*** 0.0283 0.115*** 0.234*** 0.233*** 0.230*** 0.290*** 0.377***
(0.0716) (0.0656) (0.0256) (0.0253) (0.0640) (0.0736) (0.0851) (0.0252) (0.0254)
[0.027] [0.009] [0.006]

Control Mean 0.54 0.54 0.54

Age and Birth Month Controls X X X X X X X X
Mother and Child Characteristics X X X X X X X

Observations 362 362 1,037 1,037 362 362 357 1,037 1,037

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from OLS models
with standard errors in parenthesis. OLS estimates are accompanied by estimates from an inverse
probability weighting model (Column 7), Heckman-type selection model (Column 5), and Kling-Leibman-
type bounds (Columns 3, 4, 8, & 9). The adjusted regressions (Column 6) include woman-level controls
such as use of family planning methods, ever use of family planning methods, the total number of
children who are alive (included as a set of dummy variables), educational attainment of the woman
(primary or less versus secondary and higher), age of the woman (in three age groups), age of sexual
debut, religion (Christian versus other), tribal ethnicity (Chewa versus other), and age of sexual debut
and child-level controls such as biological sex, birth order (included as a set of dummy variables), month
of birth fixed effects and a flexible form over the child’s age. All controls are included at their baseline
value. Neighborhood fixed effects are included and standard errors, clustered at the mother level, are
reported in parentheses. Sharpened q-values are presented in brackets.

Table 7 presents unadjusted and adjusted estimates of the impact of our intervention

on child CREDI scores and on internally standardized scores of cognition.22 Table 7 is

accompanied by Figure 4, which presents non-parametric density distributions of children’s

CREDI Z-scores by treatment group.

We find that exposure to the family planning intervention increased CREDI scores in

children by 0.19-0.23 standard deviations. Studying figure 4 suggests that these mean treat-

ment effects may be driven by a reduction of the number of children with lower scores and a

21Since the survey is exclusively administered to the caregiver and involves no direct interaction with the
child, it was not subject to the suspension of anthropometric measurement in 2017; as a result, we have
sufficient data to report findings from second-year follow-up survey.

22These Z-scores are calculated by standardizing the distribution of CREDI scores in the control group.
The control distribution is preferred to the distribution of all children because it does not include any possible
treatment effects induced by our intervention.
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Figure 4: Non-Parametric Density Distributions of Children’s CREDI Z-Scores

Notes: Density estimations are produced using a Gaussian Kernel and the rule-of-thumb optimal
bandwidth. The left panel displays the distributions of children at baseline, by treatment group.
The right panel displays children at second-year follow-up

lower kurtosis of the distribution, meaning a more centralized distribution in the treatment

group. As opposed to an increase in highly positive scores, these results may suggest a lower

rate of developmental delays, although the CREDI instrument is not designed to detect

these. Once again, our attrition-adjusted results indicate that any selection bias created by

our high attrition rate is minimal, and our estimates do not change substantively in response

to adjustment.

Although these effects are not as large as our observed effects on child height, they

suggest that we may observe effects of our family planning intervention on downstream

outcomes that are affected by child health and cognitive development, such as schooling,

employment, and labor market productivity, among others. Finding a causal impact on

educational attainment or income would substantially further the case for family planning

as an effective development strategy.

Once again, we further explore our results in Appendix E and Appendix F. In Table E1,

we show that the treatment effects on CREDI scores may be larger among female children,

children whose parents were not interested in having another child, and children with older

siblings. Interestingly, these findings contrast with those on children’s heights. Further, in

Table F2, we extend our mediation analysis to CREDI scores. However, likely due to our
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limited sample, we do not detect any mediating effects.

6 Discussion

Recent extensions to the traditional economic models of fertility have accounted for the

uncertainty in achieving desired family size that many households in low- and middle-income

countries face due to a lack of access to contraceptives and family planning services. These

models predict that when fertility is uncertain, human capital outcomes for children are likely

to be worse than in a counterfactual state of the world where fertility preferences are more

certain. These models imply that a decrease in the price of contraceptives or an increase in

their effectiveness should, in turn, improve human capital attainment in children.

To test these hypotheses, we use data from a randomized controlled trial in Malawi that

improved pregnant and postpartum women’s access to family planning and reproductive

health services, which improved women’s knowledge of contraceptives and decreased their

effective price. Using data on children, we find that improved access to family planning

positively affects children’s heights, a standard marker for health and nutritional status, and

children’s cognitive development. These effects are relatively large for an intervention that

did not explicitly target children. Our results broadly support the theoretical conclusions

of Cavalcanti et al. (2021) and others on the links between family planning, fertility, and

children’s outcomes.

Our results contribute to an extensive literature on Becker’s model of fertility and the

quantity-quality trade-off in fertility preferences. We contribute to this literature by ac-

knowledging the uncertainty in fertility that many families face and studying how changes

to this uncertainty affect the decisions parents make as they relate to their children. The

work that relates the most closely to ours, Cavalcanti et al. (2021), develops a model of

fertility under uncertainty and uses it to discuss educational investment. This is the model

that we use to motivate our analysis. In their analysis, the authors go as far as to say that

family planning services may induce larger improvements in educational attainment than

most educational programs. While we cannot say whether family planning may out-compete

other child health programs, our results show that they may be an overlooked intervention

in child health programming. To this end, our study also contributes to a smaller and more

limited evidence base on the link between family planning and child health by providing the

first experimental evidence of this relationship to the best of our knowledge.

Our study has several limitations. First, we observe high attrition and non-measurement

among children in our sample. We use multiple methods to assess and overcome selection bias

from this attrition, including inverse probability weighting, Heckman-style selection models,
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and bounding techniques. Throughout our study, our results seem to be comprehensively

robust to these adjustments except for under severe assumptions on our bounding estimates.

However, this does not allow us to definitively state that selection does not exist in our study

as we cannot rule out potential bias that arises from unobservable characteristics associated

with both attrition and non-measurement.

Additionally, earlier circulated versions of this work included results from a causal medi-

ation analysis that drew strong conclusions about the causal mechanisms driving the results

we find here. However, in restricting our sample to children alive at baseline to make the

attrition issue more comprehensible, we have lost the statistical power needed to make such

declarative statements. As the first piece of experimental evidence on this relationship, our

results create the need for studies designed to study the effects of FP/RH services as a

primary outcome, ideally using large-scale cluster randomized methods.

The case for expanding family planning programs and improving access to contraceptives

is strong. Our results support this case by showing there are likely positive externalities

associated with contraceptive use that have not been incorporated into the cost-benefit

calculus of these services. Our results also validate the inclusion of family planning services

in frameworks to reduce childhood stunting and improve early life outcomes (Black et al.,

2013). Taken together, it is likely that improved access to and utilization of family planning

and reproductive health services would lead to significant short- and longer-term welfare

gains for women, their children, and their families over the life course.
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A Appendix A: Contraceptive Choice

One key feature of the model developed by Cavalcanti et al. (2021) is that the derived

demand for contraceptives is predicated on women’s fertility preferences (both in terms of

spacing and timing births) and the uncertainty surrounding pregnancy. However, there are

many reasons why women and couples choose to use contraceptives that are not driven by

fertility intentions or pregnancy prevention. Common reasons include preventing HIV and

other sexually transmitted infections, facilitating control over menstruation, and improving

34



sexual satisfaction and well-being. With these in mind, the predictions of the Cavalcanti

et al. (2021) model may not be as relevant for our setting if the predominant drivers for

contraceptive use are not fertility-related.

In Table A1, we present attributes and features that women reported to be most im-

portant to them when considering their choice of contraceptive method during our pre-

intervention baseline survey.23 This table highlights effectiveness at preventing pregnancy

as the most important attribute women consider when choosing a contraceptive method.

In contrast, fewer women choose their method by considering more effective methods for

preventing HIV and STIs. Rather, alongside pregnancy prevention, women in our sample

seek contraceptives that they perceive as not threatening to their health, that do not have

side effects, that are easy to use, and that do not require frequent visits to a clinic. Almost

half of women report prioritizing pregnancy prevention in their contraceptive choice, which

implies that fertility preferences play a significant role in shaping their derived demand for

contraception.

Table A1: Most Important Features in Contraceptive Choice at Baseline

Contraceptive Feature Proportion of Women

Prevents Pregnancy 0.48

Concealable 0.06
Prevents STI/HIV 0.02
No Health Risks 0.29

Maintains Regular Menstruation 0.18
No Side Effects 0.20

Easy to Use 0.37
Easy to Obtain 0.19

Long Acting 0.27

Notes: Statistics represent the percentage of postpartum women at baseline who name each feature in
response to the question, ”In choosing a contraceptive method, what feature(s) would be most important
to you?”. The options were not mutually exclusive, and women could name multiple attributes. Thus,
the sum of the statistics is greater than 100 percent.

This study is motivated by a causal framework in which contraceptives reduce uncertainty

in pregnancy prevention and subsequent fertility outcomes, which may allow women to invest

more effectively in their and their children’s human capital. While this pathway has been

identified in recent work, we note it is not the only channel through which family planning

may contribute to children’s human capital. While many women use family planning to

23We note that this table is not conditional on the woman using contraceptives. Instead, we asked women
about the features that were important to them when making contraceptive choices, regardless of which
choices were made.
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delay births, many also use contraceptives to avert pregnancy and limit future births. If

women use family planning to limit and space births, then a reduction in parity may also

contribute to increased human capital investment in children.

We identify the motivations behind women’s contraceptive use among the sub-sample of

women who were immediately postpartum when they were recruited at baseline; we exclude

women who were pregnant at baseline because they would not have a stated preference for

family planning at the time of the interview. Columns (1), (2), and (3) of Table A2 present

baseline statistics of postpartum women’s fertility preferences and stated intentions around

future childbearing. We present these statistics for all postpartum women, those who were

using contraceptives, and those who were not using contraceptives. In addition, we also

present significance tests of the difference between both means and standard deviations.

Table A2: Preferences and Perceptions among Postpartum Women at Baseline

Using Contraceptives?

No Yes Total Difference P-Value

N=528 N=507 N=1035 (1)-(2) sd(1)
sd(2)

> 1

Variable (1) (2) (3)

Want’s Another Child (1=Yes) 0.552 0.599 0.575 -0.047 0.372

Desired Wait Time Until Next Child (Months) 63.944 68.429 66.251 -4.485** 0.099*
Desired Number of Children 3.261 3.150 3.206 0.111* 0.483
Number of Births 2.511 2.318 2.416 0.194** 0.291

Perceived Probability of Pregnancy (1 = Not likely, 5=Very Likely) 4.058 1.616 2.852 2.442*** 0.00***

Notes: The unit of analysis is a woman. We exclude pregnant women from this analysis as they lack
the need for contraceptives. Perceived pregnancy is a composite variable created using the questions ”If
you were to not use any family planning method, how likely do you think it is that you will become
pregnant during the next year?” and ”If you were to continue to use your family planning method, how
likely do you think it is that you would become pregnant during the next year?. The variable is then
created using the answer to the question that matches the woman’s contraceptive status.

We find that 57 percent of postpartum women in our sample stated an intention to have

a subsequent pregnancy. Interestingly, women who use contraceptives are more likely to

report wanting to have a subsequent birth, suggesting a preference for spacing. Moreover,

we find the gap between ideal and desired family size to be non-differential by assignment to

either the intervention or control arm; on average, women in our sample have had 0.7 fewer

births than their desired parity. The evidence implies that the principal reason for women

using contraceptives within our sample is not to limit births but rather to space births.

When comparing women’s perceptions around their probability of getting pregnant within

the next year, we see that women who use contraception report a significantly lower perceived

probability of getting pregnant than those who do not. Moreover, there is significantly less

variation in the perceived risk of pregnancy among women who are using contraceptives

than those who are not. These results imply that women within our sample predominantly
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use contraceptives to more effectively space and time future pregnancies and reduce the

uncertainty over their future fertility.

B Appendix B: Compositional Effects of Fertility Change

To explore this possibility, discussed in Section 2, that compositional fertility effects drive

our results through the likelihood of having a younger, we present a comparison of baseline

characteristics of mothers who did and did not have a second birth before our endline survey

in Appendix Table B1. We see from this table that there are no significant differences in

observable characteristics across these birth groups. These results lead us to believe that

the compositional effects discussed in Section 2 are unlikely to be driving any intervention

impacts that we find and that other physiological changes likely cause any effects that are

driven by changes in birth spacing.

Table B1: Baseline Characteristics Disaggregated by Fertility at Year 2

Woman had Second Birth?

No Yes Total Difference
N=1487 N=119 N=1606 (1)-(2)

Baseline Characteristic (1) (2) (3)

Current Use of FP (1 = Yes) 0.252 0.303 0.255 -0.051

Long Acting Method Use (1=Yes) 0.038 0.025 0.037 0.013
Injectable Use (1=Yes) 0.195 0.252 0.199 -0.057
Implant Use (1=Yes) 0.036 0.008 0.034 0.028
Ever Use of FP (1 = Yes) 0.782 0.723 0.778 0.059
Woman’s Age (Years) 24.876 24.706 24.863 0.170
Total Number of Children 2.439 2.370 2.434 0.069
Primary Education (1 = Yes) 0.552 0.563 0.553 -0.011
Secondary Education (1 = Yes) 0.463 0.479 0.464 -0.016
Tertiary Education (1 = Yes) 0.027 0.034 0.027 -0.007
Religion (1 = Christian) 0.838 0.815 0.836 0.023
Ethnicity (1 = Chewa) 0.424 0.429 0.425 -0.004
Woman Works (1 = Yes) 0.102 0.076 0.100 0.026
Age of First Cohabitation (Years) 18.945 18.933 18.944 0.013

P-Value (Joint Significance) 0.153

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a woman. Means are presented for the value of
observable characteristics at baseline. The column a woman is assigned to is based on if she did or did
not have a second birth before the second-year follow-up survey.
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C Appendix C: Expanded Sample Robustness Check

Throughout the main body of this paper, our analysis uses data from all index children alive

at baseline. However, considering our study enrolled 2,143 women into our study, and half

of the women enrolled were pregnant at the time of baseline, there should be 1,109 index

children not observed at baseline but born during the first year of the intervention.24 Of

these potential children, we observe 739 of them and record anthropometric data from 314

of them. We chose not to use these children in our main sample because of the 370 potential

children we never observed; it is unclear how many were truly lost to follow-up and how

many were the result of misreported pregnancy status. As we did not conduct a urine test to

verify pregnancy status, it is unclear how many women misreported their pregnancy status.

The potential of misreporting creates uncertainty about how we should treat these children

in our attrition analysis. Further, in Section 4.2.1, we discuss our use of inverse probability

weighting to correct for attrition bias. Within this methodology, if we were to consider the

full set of index children as our primary sample, we would be forced to restrict the creation

of our propensity scores to only maternal characteristics, as we never observed 370 potential

children.

While we feel the choice of sample in this paper is justifiable, we recognize the possibility

that this restriction substantially changes our treatment effects relative to if we utilize the

sample of all index children. Further, in previously circulated versions of this paper, all index

children were included in the main sample of our analysis. The change in sample comes

in response to feedback received about the potential of attrition bias, but we recognize

the suspicions a change of this nature may cause if made without mention. As such, we

present our main ITT estimates for all index children on height-for-age z-scores and CREDI

scores in Table C1. We see that, for both outcomes, our estimates are attenuated but not

statistically different than the estimate we present in our main sample. Overall, considering

the congruence of our estimates, we do not believe the choice to exclude children of women

who were pregnant at baseline from our sample has a meaningful effect on the interpretation

of our results.

D Appendix D: Intervention Components Analysis

The multi-component structure of our intervention naturally begs the question, ”which of

the intervention component is the most effective in driving outcomes?”. However, several

causal identification challenges prevent us from effectively responding to this question. First,

24The number of potential children could be higher, allowing for non-singleton births.
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Table C1: ITT Effects on Main Outcomes for All Index Children

Height-for-Age Z-Scores CREDI Z-Scores

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

Treatment 0.231* 0.257** 0.101** 0.103**

(0.121) (0.122) (0.0488) (0.0501)

Control Mean -1.5 -1.5 0.1047 0.1047

Survey Wave First Year Follow-Up Second Year Follow-Up
Age and Birth Month Controls X X X X

Mother and Child Characteristics X X

Observations 720 717 727 726

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from OLS models
with standard errors in parenthesis. Both adjusted and unadjusted regressions include birth month fixed
effects and a flexible form over the child’s age. The adjusted regressions include woman-level controls
such as use of family planning methods, ever use of family planning methods, the total number of children
who are alive (included as a set of dummy variables), educational attainment of the woman (primary or
less versus secondary and higher), age of the woman (in three age groups), age of sexual debut, religion
(Christian versus other), tribal ethnicity (Chewa versus other), and age of sexual debut and child-level
controls such as biological sex, and birth order (included as a set of dummy variables). All controls are
included at their baseline value. Neighborhood fixed effects are included, and heteroskedasticity-robust
standard errors are reported in parentheses. Sharpened

there are likely to be several latent and unobservable factors that determine women’s use

of each intervention component. While we can navigate this challenge using exogenous

variation from treatment assignment, we would have, in an ideal world, multiple sources

of said variation. As women assigned to the treatment arm received the full combined

intervention, it is impossible to compare, for example, women who only received counseling

to women who only used transport. In this appendix, we will present instrumental variable

estimates for the counseling and transport component that would identify the LATE of

treatment assignment in a single-component intervention. However, as we are analyzing

individual components of a multi-component intervention, this estimation is likely to be

under-identified, and we, therefore, treat this evidence as suggestive.

D.1 Specification

Having acknowledged that such a specification should not be considered causal, we estimate

the relationship between each intervention component and our outcomes of interest using
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the following specification:

Yim = α + βCCim + δMOBim + γf(ageim) +Ximλ+ Zmζ + χm + εim (D1)

Where the notation once again follows that presented in Equation (1). Here Cim repre-

sents the component of interest and is instrumented with treatment status in a two-stage

least squares (2SLS) estimation. As we only have one treatment assignment, including all

three treatment components in the same estimation would be under-identified, so we opt to

test each component through a separate specification. We present results for the counseling

and transport component for both the extensive and intensive margins and again present

unadjusted and adjusted specifications.

D.2 Results

We present the relationship between the use of the intervention components and our outcomes

of interest in Appendix Table D1. We see that on the intensive margins, each counseling visit

is associated with a 0.057-0.064 SD increase in height-for-age and a 0.039-0.047 SD increase

in CREDI scores, while each transport visit to the Kauma Clinic is associated with a 0.49-

0.59 SD increase in height-for-age and a 0.36-0.42 SD increase in CREDI scores. On the

extensive margin, counseling is associated with a 0.30-0.34 SD increase in height-for-age and

a 0.20-0.24 SD increase in CREDI scores, while transport use is associated with a 1.00-1.14

SD increase in height-for-age and a 0.89-1.01 SD increase in CREDI scores.

The most striking aspect of the results presented in Appendix Table D1 is the large

difference between components, implying that the transport component was much more

effective than counseling. However, the use of the counseling component was much more

widespread. Of the 782 treatment women re-interviewed at second-year follow-up, only 39

women had not had a counseling visit past their initial enrollment visit. In contrast, of those

782 women, 599 of them did not use the transport provided. With these levels of treatment

exposure in mind, these results show us that the association with FP counseling is marginal,

but because of its widespread use, it is likely to be the component that is driving our main

results.

Meanwhile, transport had large gains for women who used it, but fewer women used it.

Further, transport use is likely higher among the poorest women, who would benefit the most

from increased access. As such, the children born to mothers who used the transport likely

would have been worse off than the average child but for the treatment. With this in mind,

we suspect the possible gains to treatment were much larger among children born to these

women, partially explaining the large association between transport use, height-for-age, and
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Table D1: Intervention Components Analysis

Counseling (Intensive Margin) Counseling (Extensive Margin) Transport (Intensive Margin) Transport (Extensive Margin)

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

Panel A: Height-for-Age Z-Score

Treatment Component 0.0565* 0.0643** 0.297* 0.339** 0.492* 0.594** 1.002* 1.135**
(0.0309) (0.0307) (0.162) (0.162) (0.281) (0.301) (0.565) (0.571)

Observations 406 404 406 404 406 404 406 404
First Stage F-Statistic 1976.94 2009.36 4157.42 4726.72 40.20 44.21 71.07 67.38

Panel B: CREDI Z-Score

Treatment Component 0.0393*** 0.0469*** 0.201*** 0.241*** 0.363** 0.418*** 0.891** 1.012***
(0.0148) (0.0145) (0.0753) (0.0742) (0.154) (0.153) (0.360) (0.343)

Observations 326 326 326 326 326 326 326 326
First Stage F-Statistic 1189.51 1226.38 3132.59 3455.85 25.11 24.93 43.74 44.71

Age and Birth Month Controls X X X X X X X X
Mother and Child Characteristics X X X X

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from 2SLS models
with the treatment component instrumented with treatment assignment and standard errors in paren-
thesis. Both adjusted and unadjusted regressions include month of birth fixed effects and a flexible form
over the child’s age . The adjusted regressions include woman-level controls such as the total number of
children who are alive (in seven groups), educational attainment of the woman (primary or less versus
secondary and higher), age of the woman (in three age groups), religion (Christian versus other), tribal
ethnicity (Chewa versus other), and age of sexual debut and child-level controls such as biological sex,
and birth order (included as dummy variables to relax the linear restriction). Neighbothood fixed effects
are included and heteroskedasticity-robust standard errors are clustered by mother to account for genetic
correlation.

CREDI scores.

E Appendix E: Heterogeneous Treatment Effects

While the ITT results we find are, in and of themselves, interesting and illuminating, we

are also interested in the effects of the intervention on different subgroups. For instance,

we are interested to see if our intervention has greater benefits for boys versus girls. While

a large literature suggests that there is a gender bias towards boys in parental investments

(Alderman and King, 1998; Barcellos et al., 2014), it is possible that induced investments

from an inherently gender-sensitive intervention may benefit girls more than boys.

Similarly, Table A2 suggests that women mostly use contraceptives in our context to

properly space births rather than prevent them. As such, we may expect our intervention

to have little impact on households that do not intend to have births in the future.

We explore the heterogeneous effects of our intervention in Table E1. In each column,

we restrict our sample to only those women and children who meet a given condition. For

instance, in column (1), we report the estimate for Equation 1, where the sample is restricted

to only female children. The estimates for all columns in Table E1 represent a fully adjusted

specification.

Table E1 shows us that, as discussed in the main text, the point estimates of our specifi-
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Table E1: Heterogeneous Treatment Effect of the Intervention

Gender Wants Another Child? (Baseline) Birth Order

Female Male No Yes First Born Subsequent Birth
(1) (2) (3) (4) (5) (6)

Panel A: Height-for-Age Z-Score

Treatment 0.221 0.425* 0.0892 0.511** 0.0742 0.424**
(0.228) (0.248) (0.255) (0.220) (0.312) (0.207)

Observations 206 198 187 217 118 286

Panel B: CREDI Z-Scores

Treatment 0.342*** 0.175* 0.349*** 0.167* 0.153 0.251***
(0.118) (0.0959) (0.117) (0.0897) (0.132) (0.0836)

Observations 182 180 152 210 112 250

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. The results presented are from OLS models
with standard errors in parenthesis. Unadjusted regressions include birth month fixed effects and a
flexible form over the child’s age. Heteroskedasticity-robust standard errors, clustered at the mother
level, are reported in parentheses. Sample splits for maternal fertility preference are conducted using
the baseline value.

cations suggest that effects are larger on HAZ for boys and cognition for girls. However, we

cannot reject the hypothesis that the coefficients are equal. We will not repeat the discus-

sion of these effects provided in Section 5, but we add that HAZ and CREDI Z-Scores were

measured at different times. Therefore, the differential investments made in girls may take

time to emerge.

In addition to the results across gender and pregnancy, we find strong evidence that the

treatment effect on HAZ is larger for children born in households that want more children,

and the treatment effect on both HAZ and CREDI Z-scores for children who have older

siblings. The results for children born to families with intentions to have future births

may be explained by the descriptive analysis presented in Table A2. If women mainly

use contraceptives to space births, our FP/RH intervention may have had little effect on

women who were not looking to space births. The results for children with older siblings are

more obscure, given that we have shown that preceding birth intervals are balanced across

treatment arms. One possibility is that firstborn children are born to younger parents who

are earlier in their income cycle and do not have the means to act on increased demand for

human capital investments. Another is that new parents generally invest heavily in their

firstborn child, meaning there is little room to improve human capital investments.
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F Appendix F: Mediation Analysis

We discuss in Section 2, our analysis throughout this paper is motivated by the model devel-

oped by Cavalcanti et al. (2021). While our results support their conclusions, it would also

be ideal to test the causal pathways they describe. As an extension to our main analysis, we

conduct a causal mediation analysis to identify potential underlying causal mechanisms and

infer the extent to which any observed impacts of our intervention on child health outcomes

support the human capital framework in Section 2. Our approach to causal mediation anal-

ysis is motivated by Structural Equation Modeling (SEM) approaches that seek to identify

the causal mediation effect, also referred to as the natural indirect effect (Pearl, 2014; Imai

et al., 2010; Acharya et al., 2016). The causal mediation effect is given by:

δ(t) = Yi (t,Mi(1))− Yi (t,Mi(0)) (F1)

where M(t) is a variable affected by the treatment and lies on the causal path between

the treatment and the outcome. When defining causal mediation through the principle of

temporality, the mediating variable must occur after treatment exposure but before the

outcome is measured, and the causal mediation effect represents the change in the potential

outcome that is induced by changes in the state of the mediating variable under treatment

regime t. Figure 5 presents the causal mediation relationship in a Directed Acyclic Graph

(DAG).

T

X

M Y

U1

U2

Figure 5: DAG displaying mediator relationship

T: Treatment, M: Mediator, Y: Outcome, X: Set of pre-treatment covariates, U1: Possible confounders
between T and Y, U2: Possible confounders between M and Y.

The fundamental problem of causal inference implies that we are unable to observe both

Yi(t,M(1)) and Yi(t,M(0)), implying that the causal meditation effect is empirically uniden-

tified. However, Imai et al. (2010) shows that the average causal mediation effect (ACME),

δ̄(t) = E[Yi (t,Mi(1)) − Yi (t,Mi(0))] can be parametrically identified within a Baron and
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Kenny (1986) Linear Structural Equation Model (LSEM) structure and under the following

sequential ignorability assumption:

ASSUMPTION 1: (Sequential Ignorability)

{Yi(t
′,m),Mi(t)} ⊥⊥ Ti|Xi = x (F2)

Yi(t
′,m) ⊥⊥ Mi(t)|Ti = t,Xi = x (F3)

for all t, t′ ∈ {0, 1}. In our context, condition F2 implies that there exists no characteristic,

other than those contained in the covariate setXi, that influences both treatment assignment

and either the mediator (birth spacing or health investments) or the outcome (child health

and cognition). Since we are presenting results for a randomized experiment, there is a

strong case to be made that condition F2 holds, even if the set of covariates was limited. In

contrast, for condition F3 to hold, we must assume the outcome and the mediator are not

jointly determined, conditional on treatment status and a set of covariates, Xi. This means

we must assume that outside of the covariate set Xi and treatment status, no observable or

non-observable characteristic influences both the mediator and outcome.

In this study, we present analysis for two mediating variables, birth spacing and healthcare

use, which we may be concerned are not orthogonal to child health outcomes, thus violating

condition F3. For example, if higher household wealth is associated with better health

outcomes and greater healthcare use, we would expect the mediating effect of healthcare use

in our results to induce a positive bias. We cope with this possible violation in two ways.

First, we present a sensitivity analysis that will be discussed later in this section. Second,

we present multiple specifications that include different covariate sets, X. In addition to the

näıve estimates, we present specifications that control for a range of maternal and child-level

characteristics and a wealth index.25 Where we do find positive mediation effects, we show

that these effects are robust to a range of specifications, moderately alleviating concerns

about potential violations to condition F3.

In this study, we use binary mediators and therefore opt for a more flexible model than

the LSEM. Specifically, we estimate the treatment-mediator relationship using a binary

dependent variable logistic model. Our set of equations are given by:

Mi = F (β0 + β1Ti +Xiβ2) (F4)

Yi = α0 + α1Ti +Xiα2 (F5)

Yi = γ0 + γ1T1 + γ2Mi +Xiγ3 (F6)

25This wealth index is calculated using a principle component analysis (PCA) following the Demographic
and Health Survey methodology.
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where F (η) = η
1−η

is the cumulative density function of the logistic distribution. Here,

Yi is the outcome of interest, either height-for-age Z-scores or cognition score for child i, Ti

is the treatment status of child i, and Mi is one of two mediating variables. Finally, Xi

represents a vector of pre-treatment covariates.

To test if changes in birth spacing mediate our results, we conduct a mediation analysis

with a binary variable that takes on a value of 1 if the child’s mother conceived another

child before follow-up. To test if increases in human capital investments drive results, we

conduct the analysis with a binary variable that takes on a value of 1 if either the child or

mother had received a clinical health visit within the previous 14 months from the time of

the survey.26,27

We refer to Imai et al. (2010), which extends the identification approach of Imai et al.

(2010) under the following algorithm.28

ALGORITHM 1: [Parametric Inference]

1. Fit models for the outcome and mediator variables.

2. Simulate model parameters from their sampling distribution.

3. Repeat the following three steps:

(a) Simulate the potential values of the mediator,

(b) Simulate the potential outcomes given the simulated values of the mediator,

(c) Compute the (average) causal mediation effects.

4. Compute summary statistics, such as point estimates and confidence intervals.

As noted, one possible threat to validity is that condition F3 is violated in many settings.

In our setting, we may be concerned that our mediator cannot be considered ignorable even

after conditioning on a comprehensive set of covariates. This concern motivates us to conduct

26Based on data from the 2015-16 Malawi Demographic and Health Survey as well as qualitative obser-
vations from our study site, we note that most women jointly seek postpartum care for themselves and
perinatal care for their child due to difficulties associated with care seeking (Malawi and ICF, 2017). This
pooling behavior alleviates potential concerns related to our measure of joint maternal and child care seeking
in our data.

27Due to data limitations, we cannot test the effects of more detailed healthcare use such as vaccinations,
perinatal care, or treatment of illness. We note that any observed mediation due to such a course measure-
ment of healthcare use likely represents a lower bound for the true mediating effect of healthcare use. Ideally,
we would include more “soft” measures of human capital investments, such as time spent on child care and
access to print materials. However, this data was not collected at the endline survey.

28We implement this algorithm and the sensitivity analysis presented below using the mediate package
in Stata 16.
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a sensitivity analysis developed by Imai et al. (2010) and extended to the non-linear case

by Imai et al. (2010). In our sensitivity analysis, we introduce a sensitivity parameter, ρ,

that identifies the correlation between the error terms in equations F5 and F6. To test our

specification for sensitivity to violations of assumption F3, we re-estimate Algorithm 1 under

different values of ρ. Here, examining the value of ρ for which the ACME equals 0 tells us

how much of the variation between Y and M would need to be explained by a potential

confounder for an identified mediation estimate to be invalid.

F.1 Results

We present the results of our mediation analysis in Table F1. Our results display some

evidence of mediating effects of both healthcare usage and birth spacing on height for age

z-scores. However, our estimates are only ever significant to the 5 percent level for the

unadjusted birth spacing mediation. Most other coefficients are significant to the 10 percent

level, with the healthcare usage specification losing significance in the fully adjusted model.

Our sensitivity analysis suggests that the results using birth spacing as the mediator are

much more robust than those using healthcare usage, suggesting that any omitted variable

would need to explain 30 percent of the joint variation between pregnancies and z-scores to

invalidate our results. Taking the estimates of the greatest magnitude for each mediator, we

can explain roughly 27.9 percent of the adjusted treatment effect that we observe in Table

F1.

The fact that our estimates are attenuated by adding covariates is likely a sign that the

sequential ignorability assumption, particularly condition F3, is not met in our analysis.

Additionally, the loss of statistical significance accompanying this attenuation likely reflects

a lack of statistical power needed for structural equation modeling. While we observe statis-

tically significant and quite large treatment effects on our chosen mediators, the imprecision

of our estimates makes it difficult to make definitive statements about the average causal

mediation effect.

Nevertheless, we view these results as suggestive evidence that the underlying mechanisms

to our main results, at least in part, correspond to the theory presented in Cavalcanti et al.

(2021).

We accompany the results on height-for-age z-scores with mediation results for children’s

CREDI z-scores in Table F2. Here, we do not find any evidence of mediating effects. Fur-

ther, our estimates are very close to zero relative to the treatment effects we observe on

CREDI scores. It is possible that with a larger sample, we may be able to defects, as the
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Table F1: Mediation Results for Height-for-Age Z-Score, Year 1

Mediator: Healthcare Usage Mediator: Second Pregnancy

(1) (2) (3) (4) (5) (6)

ITT on Mediator 0.102** 0.114** 0.0907** -0.0376** -0.0378* -0.0383**
(0.0442) (0.0455) (0.0446) (0.0188) (0.0194) (0.0193)

ACME 0.0319* 0.0385* 0.0273 -0.056** -0.0449* -0.0411*
[-0.007,0.0911] [-0.0038,0.0918] [-0.0139,0.089] [-0.1394,-0.0025] [-0.13,0.0077] [-0.1138,0.014]

ρ where ACME =0 0.1 0.1 0.1 0.3 0.2 0.3

Mother and Child Controls X X X X
Household Wealth Index X X

Observations 406 404 398 406 404 398

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. Results presented are for a causal mediation
analysis of the ITT results on height-for-age Z-scores. Maternal and child controls include woman-
level controls such as the total number of children who are alive, educational attainment of the woman
(primary or less versus secondary and higher), age of the woman, religion (Christian versus other),
tribal ethnicity (Chewa versus other), and age of sexual debut, and child-level controls such as biological
sex, and birth order, month of birth, and a spline fitted to the child’s age with knots at 6, 12, 18, 24,
and 30 months. These same controls adjust ITT estimations on the mediator. Heteroskedasticity-robust
standard errors, clustered by mother, are presented in parentheses and bootstrapped confidence intervals
are included in brackets.

Table F2: Mediation Results for CREDI Z-Score, Year 2

Mediator: Healthcare Usage (2017) Mediator: Second Pregnancy

(1) (2) (3) (4) (5) (6)

ITT on Mediator 0.114** 0.098* 0.103** -0.0293 -0.0309 -0.0279
(0.0495) (0.0512) (0.0508) (0.0305) (0.0315) (0.032)

ACME 0.0047 0.0033 0.0041 0.0015 0.0007 0.000413635
[-0.0092,0.0232] [-0.0089,0.018] [-0.0123,0.028] [-0.0095,0.0145] [-0.0119,0.0169] [-0.0116,0.0126]

ρ where ACME =0 - - - - - -

Mother and Child Controls X X X X
Household Wealth Index X X

Observations 332 332 323 362 362 355

∗ ∗ p < 0.05, ∗p < 0.1
Notes: For all columns, the unit of observation is a child. Results presented are for a causal mediation
analysis of the ITT results on height-for-age Z-scores. Maternal and child controls include woman-level
controls such as the total number of children who are alive, educational attainment of the woman (primary
or less versus secondary and higher), age of the woman, religion (Christian versus other), tribal ethnicity
(Chewa versus other), and age of sexual debut, and child-level controls such as biological sex, and birth
order, birth month, and a spline fitted to the child’s age with knots at 6, 12, 18, 24, and 30 months.
These same controls adjust ITT estimations on the mediator. Heteroskedasticity-robust standard errors,
clustered by mother, are presented in parentheses, and bootstrapped confidence intervals are included
in brackets.
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point estimates for healthcare usage match those from the previous mediation in direction.29

However, with the current sample, it is difficult to draw inferences on causal mechanisms

from this analysis. Instead, this analysis highlights the need for further research on this topic

with a larger sample and richer data on child investments.

29Indeed, in an earlier version of this paper, when we treated all index children as our main sample, we
did find that healthcare usage was able to explain roughly 30 percent of our treatment effect
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