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Abstract

Chapter 1 investigates the impact of weather-related income shocks on infant

mortality in rural Ecuador. I find that favorable weather conditions during the

growing season have a negative effect on infant survival rates when the harvest

takes place during the first and third trimester of pregnancy, and the first trimester

following birth. My results suggest that the negative effects of an increased ma-

ternal labour supply, following a positive agricultural productivity shock, during

pregnancy and the first trimester after birth outstrip the positive effects resulting

from the consequent higher income when considering year-to-year weather fluc-

tuations. I also find that favorable weather during the growing season reduces

-via maternal time- prenatal care, skilled assistance at birth, and breastfeeding

duration and frequency. Chapter 2 explores the presence of spillover effects on

schooling outcomes from the Colombian welfare program, “Familias en Acción”,

on ineligible households in rural areas. The program provides cash subsidies to

poor families conditional on children school attendance. I find that ineligible chil-

dren — those living in a household that has not been classified as poor—residing

in targeted areas are more likely to stay in the school during the transition pe-

riod between primary and secondary school. My results suggest that peer effects

might play an important role in schooling decisions as the increased grade com-

pletion rate of the peer group increases the individual completion. Chapter 3

uses a randomized experiment to examine the causal effect of improving hous-

ing conditions on child health, and adult mental health. We find that replacing

floors, upgrading toilets, kitchen, and play areas has no impact on child health

but these results are subject to a high level of non-selective attrition on children.

We also find that the program improves caregiver’s mental health as measured by

the CES-D depression score.
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Introduction

This thesis consists of three chapters, two of them focus on early childhood conditions
and child health, and the third one explore spillover effects of a program aiming to
increase human capital accumulation providing a grant to poor families conditional on
school attendance and health check-ups.

Chapter 1 investigates the effects of weather-related transitory income fluctuations
during the prenatal and postnatal period on infant mortality in rural Ecuador. The body
of literature discussing the effect of income shocks on infant mortality has reported
mixed evidence (Ferreira & Schady, 2009). Several transmission mechanisms have
been proposed to explain this phenomenon, including reduction in the opportunity
cost of woman’s time inducing mothers to substitute time away from labour market
towards health-preserving activities such as prenatal care, decrease of pollutant emis-
sions, and reduction in the consumption of harmful goods such as smoking and alcohol.
In this chapter, I exploit year-to-year variation in rainfall and temperature across time
and space to, first, estimate the net effect (positive or negative) on infant mortality of
weather-related agricultural shocks taking place during the fetal and postnatal period
and; second, to investigate the likely mechanisms behind the measured net effect.

In rural areas where households depend heavily on agriculture, weather fluctuations
are a key factor driving the evolution of production and employment. Using monthly
data from 340 weather stations across the country from 1995-2009 I construct a proxy
for agricultural productivity shocks –crops’ ideal temperatures and deviations from
average rainfalls during the growing season. However, weather can have extensive
effects, affecting not only agricultural production but the transmission of vector-borne
diseases. After controlling for malaria-zone, I find that unfavorable (favorable) weather
conditions during the growing season have a positive (negative) effect on infant sur-
vival when the harvest takes place during the first and third trimester of pregnancy, and
the first trimester following birth. Crucial determinants of child health are inexpen-
sive but require large amounts of time (traveling to distant facilities for free prenatal
care and primary health services or breastfeeding). My results suggest that the neg-
ative effects of an increased maternal labour supply, following a positive agricultural
productivity shock, during pregnancy and the first trimester after birth outstrip the
positive effects resulting from the consequent higher income when considering year-
to-year weather fluctuations. I find that unfavorable (favorable) weather during the
growing season increases (reduces) -via maternal time - prenatal care, skilled assis-
tance at birth, and breastfeeding duration and frequency. These effects are consistent
with the argument of value of time in the production of child health.
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Chapter 2 explores the presence of spillover effects on schooling outcomes from
the Colombian welfare program, “Familias en Acción”, on ineligible households in
rural areas. The program provides cash subsidies to poor families conditional on chil-
dren school attendance. The identification strategy exploits the fact that exposure to
the program varies by locality of residence and date of birth. Using a 10% census sam-
ple from 2005 I find positive spillover effects in areas where the program was avail-
able. Ineligible children — those living in a household that has not been classified as
poor—residing in targeted areas are more likely to stay in the school during the transi-
tion period between primary and secondary school. My estimates report an increment
by 9 percentage points in primary school completion rate among non-poor children and
7-10 percentage points for grade completion in the initial years of secondary school.
Using the partial population experiment setting created by the intervention I extend
the analysis to assess the response of the ineligible children to the introduction of the
program in their peer group —children from the same birth cohort living in the same
municipality. The results suggest that behavioral social interactions (peer effect) might
play an important role in schooling decisions where the increased grade completion
rate of the peer group increases the individual completion. This finding implies that
policies aimed at encouraging enrollment can produce large social multiplier effects.

In chapter 3, we use a randomized experiment to examine the causal effect of im-
proving housing conditions on child health and adult mental health. Housing condi-
tions affects health in many different ways. Deficient housing conditions on aspects
such as water, sanitation, and safe food preparation and storage, can be a critical factor
behind the rapid spread of communicable and food-borne diseases and consequently
the accumulation of human capital. Moreover, housing and neighborhoods can be
also considered as a psychosocial environment that can affect mental health and life
satisfaction. We use a randomized experiment to examine the causal effect of im-
proving housing conditions on child health and adult mental health. The experiment
was carried-out in the city of Cartagena, Colombia, and the intervention consisted in
upgrading floors, walls, and toilets. The program was specifically targeted to houses
accommodating a state-funded community nursery called “Hogares Comunitarios”.

We find that replacing floors, upgrading toilets, kitchen, and play areas has no impact
on child health but these results are subject to a high level of non-selective attrition on
children. We also find that the program improves caregiver’s mental health as mea-
sured by the CES-D depression score. Size effects are moderate on average, at around
0.3 to 0.4 standard deviations, with stronger effects for those between the 30 and 70
percentile of the depression score distribution.
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1 The positive impact of negative shocks: Infant mor-
tality and agricultural productivity shocks

Abstract

In this paper I investigate the impact of weather-related income shocks on in-

fant mortality in rural Ecuador. Using monthly data from 340 weather stations

across the country from 1995-2009, I construct a proxy for agricultural produc-

tivity shocks – crops’ ideal temperatures and deviations from average rainfalls

during the growing season. Based on administrative records, I compute monthly

infant mortality rates at the parish level. Controlling for vector borne diseases and

agricultural prices, I find that unfavorable (favorable) weather conditions during

the growing season have a positive (negative) effect on infant survival when the

harvest takes place during the first and third trimester of pregnancy, and the first

trimester following birth. Crucial determinants of child health are inexpensive

but require large amounts of time (traveling to distant facilities for free prenatal

care and primary health services or breastfeeding). My results suggest that the

negative effects of an increased maternal labour supply, following a positive agri-

cultural productivity shock, during pregnancy and the first trimester after birth

outstrip the positive effects resulting from the consequent higher income when

considering year-to-year weather fluctuations. I find that unfavorable (favorable)

weather during the growing season increases (reduces) -via maternal time - pre-

natal care, skilled assistance at birth, and breastfeeding duration and frequency.

These effects are consistent with the argument of value of time in the production

of child health.

1.1 Introduction

What is the effect of transitory income shocks on infant mortality? Evidence for devel-
oped countries suggests that mortality decreases when the economy temporarily weak-
ens (see Ruhm 2004 for a review, Rhum 2000, and Dehejia & Lleras-Muney 2004).
Several transmission mechanisms have been proposed to explain this phenomenon, in-
cluding: reduction in the opportunity cost of women’s time inducing mothers to substi-
tute time away from labour market towards health-preserving activities such as prenatal
care (Dehejia & Lleras-Muney 2004); decrease of pollutant emissions (Chay & Green-
stone, 2003) and; reduction in the consumption of harmful goods such as smoking and
alcohol (Dehejia & Lleras-Muney 2004). However, evidence for developing countries
on the effects of income shocks on infant mortality is mixed (for a review of such evi-
dence see Ferreira & Schady, 2009). Pritchett & Summers (1996), Cutler et al. (2002),
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Bhalotra (2010) and Baird et al. (2011) report a negative impact from a recession while
other researchers find positive associations (Miller and Urdinola, 2010).

Understanding the effect of transitory income fluctuations on infant health is crucial
to understand human capital accumulation. There is growing evidence that early life
conditions can have persistent and profound impacts on later life. Almond and Currie
(2011) present a detailed review on the causal relationship between shocks in early
childhood and future outcomes based on shocks affecting maternal and fetal health
(nutrition and infections), economic shocks, and pollution.

This paper investigates the effects of transitory income fluctuation during the pre-
natal and postnatal period on infant mortality in rural Ecuador. I exploit year to year
variation in rainfall and temperature across time and space. In rural areas where house-
holds depend heavily on agriculture, weather fluctuations are a key factor driving the
evolution of production and employment. For children born in rural areas, rainfall and
crops’ ideal temperature variation across time and space should generate the corre-
sponding variation in agricultural production. The objective of this paper is two-fold:
first, it estimates the net effect (positive or negative) on infant mortality of weather-
related agricultural shocks taking place during the fetal and postnatal period and; sec-
ond, it investigates the likely mechanisms behind the measured net effect.

Weather during the planting and growing season determines agricultural produc-
tion.1 Households are likely to be affected at the time of the harvest, when employment
and income are more affected with the high or low agricultural production. Weather
fluctuations during the growing season induce both income and substitution effects on
rural households. Unfavorable weather generates a negative income effect that works
towards a deterioration of outcomes (via medical inputs and nutrition) - especially if
households are credit constrained. The substitution effect works in the opposite direc-
tion resulting in improved health status because maternal labour supply declines (and
time for health-improving activities increases). The latter can play an important role
because crucial determinants of child health are inexpensive but require large amounts
of time like traveling to distant facilities for free prenatal care and primary health ser-
vices or breastfeeding.

This investigation has considerable data requirements. I use birth and death certifi-
cates to measure infant mortality by month-year of birth and parish of birth. I combine
data from 340 weather station across Ecuador to create proxy variables of weather re-
lated productivity shocks - crop specific ideal temperature and rainfall measures during

1In this paper, I consider planting and growing season as a unique season and I will refer to it as
growing season.
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the planting and growing season, and malaria-ideal temperatures and rainfall. 2 Based
on a malaria map, I identify parishes with and without malaria. To explore the mech-
anisms involved and health investments, I use the Living Conditions Surveys (LCS
1998, 1999 and 2004), Reproductive and Health Surveys (RHS 1999 and 2004) and
birth certificates (1996-2009).

In this paper I consider that agricultural shocks will affect fetal and infant health
at the time of the harvest when employment is more affected by the level of agricul-
tural production. 3 I find that unfavorable weather during the growing-season reduces
infant mortality for birth cohorts that were exposed to the agricultural shock during
the first and third trimester of the in utero period and during the first trimester of life.
This implies that the substitution effect seems to be stronger than income effect. Neg-
ative shocks during the pregnancy decrease maternal work, prenatal care and increase
skilled attendance at birth while shocks after birth reduce breastfeeding duration and
frequency. After the third month after birth the income effect seems to outweigh the
substitution effect. Estimations take into account that transmission of vector-borne
diseases are influenced by environmental and climatic factors and they can affect fetal
and infant health. I include a set of variables to control for malaria’s ideal weather
and other effects of weather on health. Estimations also include controls for external
agricultural price shocks.

This paper contributes to the literature on weather and death (Burgess et al. (2011)
and Kudamatsu (2012)), and early life conditions and human capital accumulation
(Banerjee et al. (2009), Maccini & Yang (2009) ) providing empirical evidence on dif-
ferential effects of prenatal and postnatal exposure to weather-related income shocks.
Exposure to agricultural shocks during the prenatal and neonatal period produces larger
effects on infant mortality than later exposure. I show that the main mechanism seems
to operate through maternal labour supply -via maternal time. This paper also con-
tributes to the literature on primacy of time in the production of child quality (Mayer
(1997); Blau (1999), Price (2008)).

The rest of the paper is organized as follows. Section 1.2 discusses the link between
weather and infant mortality. Section 1.3 presents the identification strategy and sec-
tion 1.4 describes the data used and basic statistics. The results and the mechanisms
involved are summarized in section 1.5 and 1.6, and the robustness checks are pre-

2It is worth noting that each agricultural, weather, and health variable consider different periods of
time. For instance, if the harvest occurs during the first trimester of the pregnancy, agricultural weather
related variables will consider the weather before the pregnancy while health weather related variables
will consider the weather during the pregnancy.

3Crops yield is affected by weather during the growing season. Then unfavorable weather will reduce
production at the time of the harvest.
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sented in section 1.7. Finally, section 1.8 summarizes and discusses the implications
of the results.

1.2 Background: Link between weather, agriculture and infant
health

There are several channels through which weather can affect infant mortality. I classify
them into two categories: agriculture-related and health-related. In the first channel,
weather affects crops productivity. Changes in crops productivity affect wages and
the opportunity cost of health preserving activities. Also, mitigating actions can take
place and those actions might be harmful for human health (pesticides). In the second
channel, weather can have direct impact on human health as well as an indirect one
through changes in environmental diseases. This section describes in more detail the
possible pathways through which weather can affect infant health.

1.2.1 Weather and Agriculture

Effect on crops productivity There are two mechanisms through which precipita-
tions and temperature can affect crops. The direct channel is mediated by the inputs in
the production function (temperature and moisture). Temperature is one of the major
environmental factors affecting the growth, development and yields of crops - and es-
pecially the rate of development (Luo, 2011). Crops grow and develop ideally within
the range of optimum temperatures and at a slower rate above or below the range (see
Rötter & van de Geijn, 1999).4 5 Rötter & van de Geijn (1999), Hatfied (2008) and
Luo (2011) provide a review of optimal temperatures for several crops. Drought stress

or excessive moisture can quickly lead to crop failure or the inability to timely plant or
harvest a crop (Rötter & van de Geijn, 1999).

Weather affects indirectly crops due to its effect on associated pests. Precipitation
seems to be the most important variable affecting crop-pest interactions (Rosenzweig
et al., 2001). Moisture stress on crops make them more vulnerable to be damaged
by pests while moisture excess increase the prevalence of fungal pathogens. High
temperatures increase pests population.

4The relation is not linear, as yield increases between base and optimal temperature but falls between
the optimal and failure point temperature (Roberts and Summerfield 1987; Wheeler et al. 2000).

5Exposure to higher temperatures causes faster development in non-perennial crops, which does not
translate into an optimum for maximum production because the shorter life cycle means smaller plants,
a shortened reproductive phase duration, and reduced yield potential because of reduced cumulative
light interception during the growing season (Hatfield et al. (2011)).
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Weather, pesticides and health. To mitigate the effect of excessive rainfall on
pests, farmers can increase the use of pesticides. Maternal exposure during pregnancy
has been associated with an increased risk of fetal death and spontaneous abortion
(Arbuckle and Server, 1998). There is increasing evidence that in utero exposure to
pesticides increases the risk of growth retardation and low birth weight (Berkowitz et

al. 2004, Burdorf et al. 2011 ).6 Breast milk can also be contaminated with pesticides.
7 Susceptibility to infections is suspected but evidence is limited.8

Effect on maternal labour supply The effect on maternal labour supply can be am-
biguous. The harvesting period is the most labour intensive of the agricultural cycle. If
weather reduces agricultural production the demand of labour falls, depressing wages.
Given that maternal and child health productions are intensive in time and the value
of time falls, mothers can substitute time away from labour market towards health-
preserving activities such as prenatal care or breastfeeding. However, the effect will
go in an opposite direction if households respond to the negative income shock using
maternal labour supply as an insurance mechanism.

This channel seems to be crucial to understand the mixed evidence found in devel-
oping countries. Bhalotra (2010) reported recessions increase maternal labour supply
in rural areas and infant mortality, where maternal participation in rural agricultural
activity has an adverse effect on health seeking behavior. Miller & Urdinola (2010)
explored the effect of coffee price shocks in coffee-growing areas in Colombia and
found that negative price shocks reduce maternal labour supply and infant mortality.
Both reported an inverse relationship between maternal labour supply and health seek-
ing behavior.

Effect on maternal workload. Women in developing countries often continue
their agricultural work during late pregnancy. Prematurity has been associated to the
increase in agricultural labor during harvesting (Rayco-Solon, Fulford & Prentice,
2005). The epidemiological literature indicates that heavy work is a risk factor for
prematurity (Lima, Ashworth & Morris, 1999, Escriba-Aguir et al., 2001 and the re-
view of Bonzini et al. 2007). The fact that much of the work during harvesting involves
standing and bending may exacerbate this risk (Hatch et al. 1997), especially bend-

6Some pesticides are now suspected of being endocrine disrupting chemicals and have been linked
to adverse effects on either embryonic development or reproductive function.

7Residues of pesticides have been detected in breast milk (including DDT, HCB and HCH isomers)
in contaminated areas (Pronczuk et al. 2002).

8Inuit infants from the Artic exposed in utero and to breast milk contaminated with p,p´-DDE, HCB
and dieldrin had an elevated risk of otitis media (Dewailly et al. 2000)
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ing, for more than one hour a day, during the last month of the pregnancy (Bonzini
et al. 2011). This channel suggests that unfavorable weather conditions that reduce
agricultural production and maternal workload during harvesting might be beneficial
for infant health. Pre-term delivery is a major determinant of perinatal mortality, and
of neonatal and infant morbidity.

1.2.2 Weather and health

Extreme weather events such as floods, storms, droughts and heat waves can lead to
adverse health outcomes, ranging from physical injuries to heat stress and respiratory
diseases. Heat waves cause rash, syncope, cramps, exhaustion, and stroke. Children
are less able to control their local climate, especially if a heat wave is sudden and
severe (Bunyavanich et al., 2003). Heavy rainfall events can transport terrestrial mi-
crobiological agents into drinking-water sources resulting in outbreaks of infectious
diseases.

Weather fluctuations can affect the transmission of mosquito-borne diseases (malaria
and dengue). Increased rain may increase vector survival by increasing humidity or lar-
val habitat and vector population size by creating new habitat. Excess of rain can elim-
inate habitat by flooding, decreasing vector population. Low rain can create habitat by
causing rivers to dry into pools or increase container-breeding mosquitoes by forcing
increased water storage. Temperature affects vector survival, rate of vector population
growth, feeding rate and host contact (may alter survival rate) (WHO, 2003).

Pregnant women are the most vulnerable to malaria (Rogerson et al. 2007). Malaria
causes anemia in pregnant women, premature delivery, fetal growth retardation and low
birth weight. 9 Infants exposed to malaria in utero have an increased risk of malaria
infection and anemia during childhood. Placental infections occurring at the end of
pregnancy are those most likely to have an impact on infants’ survival (Bardaji et at.

(2011)).
In this paper I will control for diseases that can affect infant health in the prenatal

and postnatal period such as mosquito-borne diseases.

1.3 Empirical Strategy

This section describes the empirical strategy used to analyze the effect of weather-
related shocks on infant mortality.

9See Desai et al. (2007) for a review and Steketee et al. (2001).
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In order to measure agricultural productivity I define two variables, (i) the fraction
of time during the growing season with ideal temperature, and (ii)increased rainfall
(rainfall deviation from the parish growing season (October - March)) mean (measured
in cm).10 The first variable measures of the number of months that the monthly mean
temperature was in the ideal interval for the main crop in the parish divided by 6
(duration of the growing season). Optimal temperature depends on each stage of the
plant’s life cycle and is crop specific. Here, I only consider optimum temperature
thresholds to the entire growing season. The ideal temperature for each crop is 26-
30 Cº (banana), 20-26 Cº (coffee), 21-28 Cº(cocoa ), 25-35 Cº(sugar cane), 18-30 Cº
(maize), 23-30 Cº (rice), 20-30 Cº (barley) and 15-23 Cº (wheat).11 Table 17 in the
Appendix I summarizes the agriculture cycle.

A basic specification for infant mortality rate, IMR, of birth cohort (year-month) j,
born in parish p, is:

IMR jp = α +
3

∑
h=0

W (t−1) jp ∗Uh jpβ
U
h +

4

∑
k=1

W (t) jp ∗Lk, jpβ
L
k +X jpφ +λ j +λp + ε jp,

(1)
where t and t−1 indicates the harvest during the first year after birth and the year

before, respectively. W (t) jp is a vector of weather variables that proxy for agricultural
productivity at the harvest t for the birth cohort j that was born in parish p, including
the fraction of time with ideal temperature and increased rainfall during the growing
season. To allow for non linear effects I include quadratic terms for rainfall and temper-
ature. Appropriate rains during the growing period results in good growth of crops but
excessive rains can damage them. For each parish p, I compute the value of each crop
and I select the main crop based on the highest participation in the total production.12

At the time of the harvest a child can be at different stages in the in the fetal period
or postnatal period. Table 18 in Appendix I summarizes the stage at the time of the
harvest based on the month of birth. According to the mechanisms described in section
1.2, we can expect the magnitude of the effects on infant mortality to vary depending
on the stage during the fetal and postnatal period. I interact weather with a dummy
variables that indicates the trimester in each stage. Let h be the trimester of pregnancy

10The main harvest takes place between April to June (Census of Agriculture 2000).
11Temperature intervals are based on Rosenzweig et al. (2001), Luo (2011), and Hatfield et al. (2008).
12The main crop is selected from a list of eight crops - banana, coffee, cocoa, sugar cane, maize,

rice, barley and wheat, based on its value. Crop’s production at parish level is based on the census
of agriculture 2000. Prices are an average from 1995-2009 based on annual national producer prices
reported by FAOSTAT.
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where h = 0 is defined as preconception and h ∈ {0,3}. Let k be the trimester after
birth where k ∈ {1,4}. Uh jp are dummy variables that indicate the trimester in the
fetal period while Lk jp indicate the trimester after birth, for the birth cohort j that was
born in parish p. Then βU

h and β L
k capture the impact of within-parish fluctuations in

weather, during the growing season, at the time of the harvest for cohorts that were
exposed at different stages of the prenatal and postnatal period, respectively. These co-
efficients measure the net effect from changes in maternal labour supply and economic
resources during the harvest.

X jp is a vector that includes a set of international prices for the main crop in parish
p at the time of the harvest during the prenatal and postnatal period where each price is
interacted with a set of dummy variables on the stage for the prenatal and postnatal pe-
riod. It also includes controls for the effect of weather on health during each trimester
of the pregnancy and life, for the birth cohort j in parish p.13 I create a set of variables
on excessive rainfall, drought, cold (<12 Cº) and hot (22-28 Cº) temperatures. Each
variable reflects the fraction of time during each trimester that an specific climatic
event took place. Then weather variables take values in the set {0, 1

3 ,
2
3 ,1}. Monthly

rainfall is normalized based on the mean and standard deviation for each parish and
month. Excessive rainfall is defined as higher than 2 standard deviation. Drought is
defined as lower than one standard deviation in order to capture moderate and severe
episodes. 14 I allow differential effects of weather on health depending on whether it
is a malaria area or not. Malaria ideal temperature for survival and transmission is cap-
tured with variables of temperature higher or equal than 22 Cº (hot temperature) and its
interaction with malaria areas. 15 The coefficients of the interactions between malaria
area and hot temperature will control for the effect of malaria on infant mortality at
different stages during the prenatal and postnatal period.

λ j is a set of birth cohort (or month-year) fixed effect that controls for aggregate
shocks; λp is a set of parish of birth fixed effect that account for any time-invariant
differences between parish that might be correlated with weather and infant mortality,
and ε jp is the error term.

Standard errors are clustered at parish level in order to correct for autocorrelation
of arbitrary form in shocks to infant mortality across time within a parish.

13Transmission of vector-borne diseases are influenced by environmental and climatic factors. Ab-
normal rainfall and flooding increases availability of breeding places while heavy precipitations and
landslides could reduce mosquito abundance if breeding sites are washed away.Temperature accelerates
vector development, decreases incubation period and increases feeding frequency.

14Normal rain and warm temperature are the base categories.
15Barreca (2010) instruments malaria using daily mean temperatures between 22ºC and 28Cº and

found that is a strong predictor of malaria death rate.
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After establishing the relationship between growing season weather and infant mor-
tality, I will next consider what behavioral responses or mechanisms might explain
this results. To study maternal labour supply responses and its effect on time inten-
sive investment decisions I use data from the LCS and RHS surveys, and birth records
certificates.

For pregnant women i observed in month m, year y and parish p I estimate

yimyp = α +W ′mypβ +Z′impyθ +λm +λy +λp + εimyp, (2)

where y is the number of hours worked during the previous week, W is a vector of
the weather during the growing season, Z is a vector that includes individual character-
istics (age and education), crops external prices and health-weather related variables,
λp,λm,λy are dummies variables for parish, month and year. I modified equation 2 to
estimate the probability of work conditional on pregnancy using a probit model. I also
explore variation in the month of the interview interacting weather and price variables
with the agricultural stage: growing, harvest and post harvest period.

Finally, I used the RHS, LCS, and birth certificates to study time-intensive health
investments (prenatal care, place of delivery, breastfeeding and attendance to health
check up).

For a children i, born in the cohort j (month-year) in parish p, prenatal care invest-
ments are estimated as

yi jp = α +
3

∑
h=0

W (g−1)′jp ∗Uh, jpβ
U
h +Z′i jpφ +λ j +λp + εi jp, (3)

where y is the number of prenatal care visits or place of delivery (delivery at home
instead of health at health facilities), and all other variables are the same than in equa-
tion 1 but only for the in utero period. Vector Z also includes maternal characteristics
as age at birth and education. Breastfeeding and postnatal care are estimated from
equation 3 but considering only shocks after birth.

1.4 Data Sources and Summary Statistics

1.4.1 Data Sources

I collected data on infant mortality, temperature, precipitation, agricultural production
and prices, malaria and maternal use of health services and child health.
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National Vital Records. Birth and death certificates include month and year of each
event, parish of residence, maternal characteristics16, use of health services at birth
(skilled attendance), and health measures of the newborn.

Between 1995 and 2008, 1,053,000 children were born in rural Ecuador. I linked
those births to deaths records based on maternal place of residence (parish) and date
of birth (month and year). For each cohort, infant mortality is the rate of infant death
during the first year after live birth, expressed as the number of such deaths per 1000
live births in a parish. 17

Weather data. I obtained monthly weather data between 1995 and 2009 from the
National Institute of Meteorology and Hydrology (INAMHI). Precipitations are avail-
able for 340 weather stations while temperatures are restricted to 167 stations across
Ecuador (see figure 3). Data include latitude and longitude of each weather station.

To link weather data to infant mortality I used a digital map containing the de-
limitation of the administrative boundaries down to the 3rd sub national level (parish)
provided by the INEC. 18 I compute the distances between the center of each parish
and all weather stations. In order to avoid the problem of missing information, I con-
sider the 5 closest weather stations with non missing data for a given month within
an radius that varies depending on the weather variable. I choose a radius of 39 km
for rainfall and 50 km for temperature.19 Data from different weather stations may be
linked to the same parish over time. I construct parish-month-year weather variables
by taking weighted average of the 5 closest weather stations within the radius under
analysis. The weights are the inverse of the squared distance from the district center.

Crops Prices. Monthly world prices of crops are reported by the World Bank (Pink
Sheet). Annual data on producer prices for Ecuador come from the FAOSTAT database.
Prices used in the regressions are expressed in terms to the CPI and detrended.

Agricultural production data. The Census of Agriculture 2000 provides the most
comprehensive information on agriculture in Ecuador. It contains data on land use,
area planted and harvested, total output, yield per hectare, and agricultural production,
among others. This is the only source of data that allows me to work at parish level.

16Maternal name has been censored, so it is not possible to match siblings.
17Estimated sub-report in birth and deaths is approximately 13% (RHS 2004).
18INEC reports historical changes observed in the administrative levels. Based on that information, I

updated birth and death locations to the 2009 administrative boundaries.
19To choose the radius I selected the 20 closest weather stations for each parish and compute the 95th

percentile of the distance distribution.
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Agriculture surveys were carried out before 1995 and between 2002 and 2009 but they
are only available at province level.

Using the Census 2000, I selected one crop for each parish from a list of eight
commodities (banana, coffee, cocoa, sugar cane, maize, rice, barley and wheat) based
on the maximum value. I computed the value of the crop as the total output times the
average producer price from 1995 to 2008.20

Malaria. The spatial distribution of Plasmodium falciparum malaria endemicity in
Ecuador is reported by Hay et al. (2009). I merge the malaria map (see figure 4 in the
Appendix I) with the administrative map to identify malaria free parishes.

Household Surveys. Reproductive Health Survey (RHS) 1999 and 2004 are repre-
sentative for urban and rural areas. They collect information about use of health care
services, and current and retrospective behavior about prenatal care and breastfeeding.
I pooled the 1999 and 2004 to have information for children born between 1996 and
2004.

Three surveys (1998, 1999 and 2006) of the Living Condition Survey were carried
out during the period of interest. They collect information about labor, income and use
of health services and health behavior. They also report expenditures on pesticides.

Data Limitations. The agronomic literature details the importance of having daily
data to measure crops’ ideal temperature at different stages. Then monthly data, as I
consider, might underestimate any effect.

It is important to note that crops production is not available at parish level (except
for the census 2000). Then it is not possible to include agricultural productivity as an
endogenous variable in equation 1 and instrument it with growing season weather.

1.4.2 Summary Statistics

Simple average in rural areas shows that infant mortality rates are higher for children
born during the first semester of the year (figure 1). Figure 2 reports the average of
total rural birth between 1996 to 2008. Births are well distributed during the year with
a small reduction in the last trimester of the year that corresponds to the beginning of
the rainy season and the first trimester of the growing season. 21

20For coffee, I used the producer price in Ecuador reported by the International Coffee Organization.
21In section 1.6 I will show my results are not connected with fertility decisions.
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FIGURE 1
Infant Mortality Rate

FIGURE 2
Rural births 1996-2008 by month
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TABLE 1
Marginal effect of agricultural productivity on infant mortality rate
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1.5 Results

This section reports the results of agricultural productivity proxy variables on infant
mortality rate based on equation (1). Table 1 displays the marginal effects of deviation
of rainfall from the parish average, and the fraction of time the temperature falls in the
optimal interval for the main crop in the parish, both during the growing season.

Unfavorable weather conditions during the growing season reduces infant mortality
when the harvest takes place during the the first and third trimester of the in utero

period and during the first trimester of life. 1 percentage point (pp) decrease in the
fraction of time with ideal temperature is associated with a 0.19 reduction in infant
mortality per 1000 children born. 22 Since the average IMR in the sample is 15.9
per 1000, the implied effect on IMR is a reduction by 1.2%. The marginal effect of
growing season rainfall on infant morality rate, when rainfall is one standard deviation
below the mean, is -0.07 per 1000 (implying a reduction by 0.4%) for a cohort exposed
to the harvest in the third trimester of the in utero period. The effect is -0.05 per 1000
(-0.3%) when the harvest occurs during the neonatal period (first trimester after birth).

22Ideal temperature is a count of the number of months during the growing season that the temperature
was in the optimal interval. Given the temperature in each month has a different distribution, then one
standard deviation in the ideal temperature will not informative about observed deviations in temperature
in each month. To consider a relevant measure for the change in the marginal effect, I compute the
coefficient of variation for temperature (0.085) based on the mean (19.11 Cº) and the standard deviation
(1.64 Cº) by month and parish. Hence, temperatures deviate from the mean by 8.5%. The variable of
the interaction between ideal temperature during the growing season and first trimester of pregnancy at
the time of the harvest has a mean value of 0.10, then assuming that ideal temperature deviate in 8.5%
that will be an increment in 0.85pp. To simplify the interpretation I will consider 10% deviation in ideal
temperature from the mean (0.10) and use 1pp increment to report the results.
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TABLE 2
Marginal Effects of international prices and weather-health variables on IMR
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I define the neonatal period as the first trimester after birth23. The beneficial effect of
unfavorable weather conditions reverts after the first trimester of life. If the harvest
falls during the second trimester after birth, a reduction by 1pp in the fraction of time
with ideal temperature increases the IMR by 0.7% (0.11 per thousand).

Exposure to agricultural shocks generates relatively larger substitution effects dur-
ing the pregnancy and the neonatal period. The net effect seems to be stronger at the
beginning of the pregnancy. Fetal health is more vulnerable during the first trimester
of the pregnancy and shocks that occur during that time are more likely to lead to fetal
death. Then, we might expect to underestimate the effect of shocks during the first
trimester of the pregnancy.

23Note that the neonatal period is usually defined as the first 28 days after birth. Here I’m extending
it to the first trimester of life.
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TABLE 3
Marginal effects of agricultural productivity on IMR - Malaria free area
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Table 2 reports the effect of control variables (international prices and health re-
lated weather) on infant mortality rate related to table 1. Increments in detrended
relative prices have a beneficial effect on mortality when they occur at the beginning
of the pregnancy (income effect is larger than the substitution effect). The effect on
infant mortality of 10pp increase in prices is -0.0405 per 1000 (-0.25%). Increments
in temperature during the second trimester of pregnancy are related with a reduction in
mortality (table 2). Temperature is a measure of the number of month with hot and cold
mean temperature. It captures the general effect of hot and cold temperature relative
to warm weather but might fail to reflect isolated events such as one very hot day in
the month. Excess of rain at the end of the pregnancy has a beneficial effect on infant
mortality in malaria areas while a drought has the opposite effect. Heavy rainfalls and
high water levels can wash away mosquito habitats. In very humid climates, droughts
may turn rivers into strings of pools that provide good breeding sites for mosquitoes.

To explore whether the effects reported in table 1 are driven by malaria areas I
estimate equation (1) separately for parish where malaria is endemic and those where
it is not. Table 3 and 4 report the marginal effects of agricultural productivity on IMR
in areas free of malaria and areas where malaria is endemic, respectively. The effects
of ideal temperature during the growing season for shocks that take place during the
pregnancy are positive in both areas but higher in malaria free areas. For the third
trimester of pregnancy the effect of rains is similar in both areas. When harvest occurs
during the neonatal period the effect of growing season rainfall is stronger in malaria
areas. These findings confirm that the results during the in utero period are not driven
by the effect of weather on vector born diseases.
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TABLE 4
Marginal effects of agricultural productivity on IMR - Malaria area
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1.6 Mechanisms

In this section I investigate the effect of weather on maternal labour supply and the
impact through this channel. I hypothesize that unfavorable weather conditions reduces
crops yield, the probability of work, and hours worked during the harvest, affecting
time investment in child health. I also show that agricultural productivity does not
affect fertility.

Maternal labour supply

About 70% of rural women aged 15-49 work in Ecuador. I investigate the labor supply
and labor income of pregnant women in rural areas using equation 2. Information on
work participation is available at the time of the interview, dated on November 1998
until October 1999, and November 2005 until November 2006.24 Growing season is
defined from October until March. I define year t from October t−1 until September
t. November 2006 was excluded to report full years.

Table 5 indicates that increments in crop’s ideal temperature and increased rainfall
during the growing season increases hours worked, probability of work and labor in-
come for pregnant women. 1 pp increase in the fraction of time with ideal temperature
increases hours worked of pregnant women by 0.50 hours (3%) while one standard
deviation of rainfall increases it by 1.2 hours (3%).

To explore the effect during the harvest, I interact weather variables and prices with
dummies for growing, harvest and post-harvest period. In this case, quadratic terms

24LSMS 1998 is excluded because the interview date is not reported in the publicly available database.
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TABLE 5
Labor supply and labor income of pregnant women
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for weather and prices variables were excluded. Table 6 suggests that an increment
in ideal temperature increases the hours worked during the harvest, while increased
rainfall increase hours worked in all periods. Higher prices during the harvest reduce
the number of hours worked for pregnant women.

Prenatal Care

The use of prenatal care services is time intensive, involving travel and waiting times.
It improves birth outcomes and newborn survival. During the prenatal care visits preg-
nant women receive tetanus immunization, malaria prevention and treatment, man-

TABLE 6
Hours worked of pregnant women
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agement of anemia, and treatment of STIs that can improve fetal and child health
outcomes. Mothers at risk of delivering a preterm or growth-retarded infants are also
identified. Prenatal care is the link to promote the benefits of skilled attendance at birth
and to encourage women to seek postnatal care for their newborns and themselves.

TABLE 7
Marginal Effect on Prenatal Care
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In this section I explore the effect agricultural productivity shocks on the frequency
of use of prenatal care and no skilled attendance at delivery (delivery at home) using
equation 3 and OLS and linear probability models, respectively.

During the third trimester of pregnancy, prenatal care visits should be more fre-
quent. Biweekly from 28 to week 36 of pregnancy and weekly after week 36. To
evaluate the effect on prenatal care visits I consider the stage of the pregnancy at the
time of the harvest and whether it was a good or bad harvest season based on weather
conditions during the growing season. My results indicate that the use of health ser-
vices falls when the harvest takes place during the third trimester of the pregnancy and
there was a favorable weather during the growing season (tables 7 and 8). The number
of prenatal care visits decreases by 1.22pp (0.3%) and the probability of delivering the
child at home increases by a range of 0.02-0.17 pp (0.03% - 0.4%).

Breastfeeding and Postnatal Care

Breastfeeding is a time-intensive investment that plays a crucial role in child survival.
Maternal milk provides all the nutrients required for a healthy growth and development
of newborns, specially during the first 6 months, and protects children from diarrhea
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TABLE 8
Marginal Effect on Place of Delivery
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and respiratory infections that are one of the main causes of infant mortality. I explore
times breastfeed in the last 24 hours for children younger than 12 months, and duration
of breastfeeding for children between 24 to 48 months that were weaned. Table 9
reports the marginal effects of agricultural productivity on breastfeeding from OLS
estimates. Children born at the time of the harvest, when the growing season weather
was adverse, are benefited from extra breastfeeding. Rainfalls one standard deviation
below the mean increase frequency during the last 24 hours by 4 times for children
under 12 months. 1pp fall in crops ideal temperature increases the total duration of
breastfeeding by 0.1 months (0.8%). The use of preventive health services for children
younger than 12 months doesn’t seem to be affected by shocks during the first year of
life (table 10).

Fertility

To check the effect of agricultural productivity on the size of the cohort I estimate
equation 1 for the year before birth. The dependent variable is the logarithm of the
number of births. Table 11 reports no significant effect on fertility.
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TABLE 9
Marginal Effects of agricultural productivity on breastfeeding
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TABLE 10
Preventive care
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TABLE 11
Marginal Effect of Agricultural Productivity on Fertility
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1.7 Robustness Check

Proxy variables

The Agricultural Surveys (2002-2009) report production at province level and there is
no other information at parish level but the census 2000. Although I’m unable to test
whether favorable weather conditions for the main crop increases crop yield at parish
level, I present the results aggregated at province level. The main crop at province
level is defined as the crop with the highest frequency of being the main crop at parish
level. Ideal temperature is based on the main crop at province level. Table 12 suggests
that increments in ideal temperature and rainfall increase crop yield. This relation is
only significant for increased rainfall.

TABLE 12
Crops yield
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Local time trends

Including parish-specific time trends (644 variables) to equation (1) doesn’t modify the
main conclusion. It only reduces the implied effect for shocks during the first trimester
of pregnancy from 1.2% to 0.9% and increases the absolute effect during the second
trimester of life from -0.7 to -1% (see tables 1 and 13)

TABLE 13
Marginal effect of agricultural productivity on IMR including local trends
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El niño event

Several climatic phenomena took place during 1995-2009, episodes of El Niño South-

ern Oscillation (ENSO) occur every 2 to 7 years. During our period took place on
1997, 2002, 2004 and 2006 and events of La Niña on 1995, 1999 and 2007. In Ecuador,
ENSO episodes are associated with heavy rainfall and increments in the temperature
while la niña episodes are associated with drought. The episode during 1997 was one
of the strongest episodes in the 20th century and in some areas causes flooding and
destroys crops. In this section I replicate table 1 excluding the growing season 97/98
and all births between October 1997 to September 1999. I find that the effects during
the prenatal period do not change but the effect on the trimester of birth is not observed
(see table 14).
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TABLE 14
Marginal effect of agricultural productivity on infant mortality rate excluding ENSO episode.
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Pesticides

To mitigate the effect of weather farmers can increase the use of pesticides as de-
scribed in section 1.2.1. As discussed, pesticides might affect in utero and after birth
infant health. Table 15 reports the effect of weather on annual household spending on
pesticides. There is no significant effect of increased rainfall on pesticide household
expenditure. When interacting agricultural productivity variables with the agricultural
time (growing, harvest, post-harvest) I find that favorable temperature during the grow-
ing season seems to reduce spending of pesticides during the harvest. This could cause
a protective effect on infant health but doesn’t seem to be the dominant mechanism.

TABLE 15
Marginal effect of agricultural productivity on pesticide expenditure
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TABLE 16
Marginal effect of agricultural productivity on pesticide expenditure by agricultural time
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1.8 Conclusions

In rural Ecuador 55% of infant deaths occur during the first trimester of life and most
of these deaths take place during the the first month of life, a period which is associated
to the events that occurs during the pregnancy.

This paper uses weather fluctuations to explore the effect of unanticipated tempo-
rary income fluctuations on infant mortality for children younger than 12 months. I
find a pro-cyclical relationship between infant mortality and weather conditions dur-
ing the growing season. Unfavorable growing season weather reduces infant mortality
when the harvest takes place during the first and third trimester of the in utero period,
and the first trimester of life. In particular, 1 percentage point increment in the fraction
of time with crops’ ideal temperature and one standard deviation in rainfall during the
growing season lead to a reduction in infant mortality ranging from 0.4% to 1.2% of
its mean.

My results suggest that negative agricultural shocks during the prenatal and neona-
tal periods have a positive effect on child health. I find evidence that the substitution ef-
fect of shocks during the prenatal and neonatal period outweigh the income effect. The
main behavioral mechanism underpinning these effects seems to operate through ma-
ternal labour supply. The effect of these shocks seems to work more through prenatal
and neonatal time-investment in health and nutrition (prenatal care, delivery practices,
breastfeeding) than postnatal investments in nutrition and child healthcare.
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Appendix I

Table 17 shows the main agricultural cycle. Planting and growing season starts in
October and last until the beginning of April when the harvest starts. The main harvest
season is between April and June and can be extended until September. I restrict the
harvest period from April to June.

TABLE 17
Agriculture Calendar
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TABLE 18
Birth cohort and age at the harvest
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FIGURE 3
Weather Stations
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FIGURE 4
Malaria Map
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2 Spillover Effects of Conditional Cash Transfers on
Schooling Outcomes

Abstract

This paper explores the presence of spillover effects on schooling outcomes

from the Colombian welfare program, “Familias en Acción”, on ineligible house-

holds in rural areas. The program provides cash subsidies to poor families con-

ditional on children school attendance. The identification strategy exploits the

fact that exposure to the program varies by locality of residence and date of

birth. Using a 10% census sample from 2005 I find positive spillover effects

in areas where the program was available. Ineligible children — those living in

a household that has not been classified as poor—residing in targeted areas are

more likely to stay in the school during the transition period between primary

and secondary school. My estimates report an increment by 9 percentage points

in primary school completion rate among non-poor children and 7-10 percent-

age points for grade completion in the initial years of secondary school. Using

the partial population experiment setting created by the intervention I extend the

analysis to assess the response of the ineligible children to the introduction of the

program in their peer group—children from the same birth cohort living in the

same municipality. The results suggest that behavioral social interactions (peer

effect) might play an important role in schooling decisions where the increased

grade completion rate of the peer group increases the individual completion. This

finding imply that policies aimed at encouraging enrollment can produce large

social multiplier effects.

2.1 Introduction

Policy interventions in developing countries are likely to affect other residents in the
areas where they are implemented. The program evaluation literature has focused on
estimating the impact of the program on the treated or eligible population. In most of
the cases, data collection for program evaluation purposes is limited to eligible house-
holds restricting the possibility to explore spillover effects of the program on ineligible
households. This paper will use data from the Colombian census (2005) to investigate
the spillover effects from a large scale conditional cash transfer program introduced in
2001.

The program “Familias en Acción” is a large scale welfare program that provides
grants to poor families in Colombia contingent to school attendance and children vis-
its to health services. The program is targeted on poor families based on a poverty
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score called SISBEN and an eligibility threshold. Findings from the evaluation of the
program in rural areas reported an increment in the enrollment rate by 7 percentage
points on poor children in secondary school age (Attanasio et al. 2010) and increased
consumption of poor families by 19.5% (Attanasio et al. 2005). The intervention
and the positive effects found on poor households might affect ineligible (noon poor)
households in an a priori non-trivial direction.

Recent evidence for Mexico shows that conditional cash transfers can generate ef-
fects that go beyond the program’s beneficiaries. Cash transfers to poor households
can indirectly affect non poor households living in the same locality, where the trans-
fers benefit the local economy at large. Angeluci and De Giorgi (2009) explore the
effect of PROGRESA and found that non poor households in treated villages increase
their consumption and benefit from the transfers by receiving more gifts and loans and
by reducing their savings. A growing body of literature also emphasizes the role of
social interactions in shaping outcomes. There is increasing evidence of the influence
of neighborhoods and peers on outcomes such as child health and behavior (Case and
Katz, 1991; Katz et al., 2001), student outcomes (Sacerdote 2001, Lalive and Catta-
neo, 2009), technology adoption in agriculture (Foster and Rosenzweig, 1995; Munshi,
2004) and retirement plan decisions (Duflo and Saez, 2002).

This paper explores the spillover effect of “Familias en Acción” on grade comple-
tion rates for ineligible households living in rural areas. The identification strategy
exploits the fact that exposure to the program varies by locality of residence and year
of birth. Estimates are based on difference-in-differences estimators that control for
additive systematic variation both across localities and cohorts. When using cross sec-
tion data, the selection of outcomes to be compared between cohorts needs to be not
age dependent. For instance, it would be invalid to compare dropout rates between
young and old cohorts as the dropout rate is higher for the older cohorts. Hence in this
paper we will only consider completed years of education.

The sign of the net effect of the spillovers could be positive or negative. Posi-
tives effects can occur when, in the absence of formal credit markets, poor households
share the grants with non poor households or when the transfers affect the local econ-
omy (Maluccio & Flores 2005, Coady & Harris 2001). Positive effects can also arise
from imitation, peer pressure or from increased competition if poor children attain
more years of education. The expected return to education of non poor children might
change and they might decide to invest more in education to compensate the future
increased competition. Negative effects can arise from congestion in schools because
the program encourages poor children to remain in the school. My estimates measure
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the net causal effect of the program among non poor children.
The program “Familias en Acción” is targeted to families in the lowest level of

the welfare index (level 1). However, a significant manipulation of the official score
has been extensively reported in the literature (Camacho and Conover, 2009) where
families that should have been classified in the level 2 are classified as level 1 in order
to be eligible for the grant. To take this manipulation into account this study explores
the spillover effect on families scoring on levels 3 to 6 of the reconstructed welfare
index.

A growing body of the literature has documented the role of peers in individual
schooling choices (Hanushek et al. 2003; Sacerdote 2001; Zimmerman 2003; Angrist
and Lang 2004; Kremer, Miguel and Thornton 2004). As discussed in Manski (1993)
and Moffit (2001), it is challenging to identify peer effects. Effects can be grouped
into two main categories, which Manski (1993) defined as contextual and endogenous
effects. On the one hand, these external effects may stem from some exogenous char-
acteristics of the population. For example, average parental education in a given class
may affect individual outcomes because children do homework together and benefit
from the help received from their classmate’s more educated parents when studying at
their household. Alternatively, external effects may arise from individual outcomes.
For example, if some students do better, they may help their classmates or they free
up more teacher time to be devoted to more needy students. Another possibility is that
doing well or poorly in school may become a social norm of a given population, to
which members conform.

The second part of the paper uses the partial-population experiment setting cre-
ated by the intervention in order to explore the role of peer effect (endogenous effect)
on schooling decisions. In the spirit of Moffit (2001), identification of peer effects is
achieved by studying how the treatment status of a specific subgroup of individuals
-poor children eligible for the cash transfer - affects the outcomes of untreated individ-
uals in the same group - non poor children in the same municipality and birth cohort.
Given that “Familias en Acción” increases peer group school attendance while leaving
unaffected the ineligible child’s monetary incentive to attend school, this means that
the response among ineligible children provides information on how strongly the peer
group affects the individual. Identification requires that the program should not have
had a direct effect on schooling decision of non poor children, imposing an arguable
strong assumption. An implication of this assumption is that any effect of the program
on the local economy will not affect directly the schooling outcomes of the non-poor
and any effect will come through changes in the average outcome of the peers.
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The closest work to the present paper is that of Lalive and Cattaneo (2009) and
Bobonis & Finan (2009), who examine the effect of a conditional cash transfer pro-
gram in Mexico (PROGRESA) on dropout and completed years of education for pri-
mary and secondary school, respectively. Both find that a 10 percentage point increase
in peer participation raises own participation rates by 5 percentage points. Kremer,
Miguel, and Thornton (2009) identify peer effects by taking advantage of experimen-
tal variation of an experiment that provides financial incentive to girls to perform well
on exams. They found large spillover effects on the boys in the same schools despite
the boys not being eligible for the cash rewards. Treated girls’ scores rose on average
by 0.29 standard deviations while (the ineligible) boys’ scores rose by 0.16 standard
deviations. This study will contribute to this literature exploring spillover effects on
ineligible individuals of a program that incentivize school attendance of poor children.

The paper is organized as follows. Section 2.2 provides a brief discussion of the
“Familias en Acción” program and its structure. Section 2.3 describes the data used in
the analysis and section 2.4 discusses the identification strategy. Section 2.5 reports the
main results for spillover effects, section 2.6 estimates endogenous social interactions,
and section 2.7 presents falsification experiments. Section 2.8 concludes.

2.2 Program description

The program “Familias en Acción” (FA) is a large scale welfare program run by the
Colombian government. It started in 2001 with the aim of fostering human capital ac-
cumulation. The program has three main components: education, nutrition, and health.
The program gives a monetary transfer to mothers provided their children attend school
regularly and are up to date with vaccinations, and growth and development monitor-
ing visits. The monthly grant is set at 14,000 pesos (US$6) for each child attending
primary school (grades 1-5), and 28,000 pesos (US$12) for each child attending sec-
ondary school (grades 6-11). Families with children below the age of 6 are entitled to
receive a basic nutritional subsidy (approximately US$15 per month).

The targeting of the program took place in two stages. First, a set of municipalities
were selected for the program in a non random fashion. Second, the poorest households
in targeted areas with individuals aged 0–17 were eligible for the program.

Qualifying municipalities. A total of 622 out of the 1,098 municipalities in Colom-
bia were deemed eligible to qualify for the program, on the basis of fulfilling the fol-
lowing criteria: (i) the municipality has sufficient education and health infrastructure;
(ii) it has a bank; (iii) it has fewer than 100,000 inhabitants and is not a departmental
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capital, (iv) its administrative office has relatively up-to-date welfare lists and other
important official documents.

Eligible households. Within each qualifying town, poor households with children
aged 0–17 were eligible for the program Familias en Acción (FA). In the first two years
of the program a total of 340,000 households were registered to participate (Attanasio
et. al., 2006).

Colombia uses a proxy mean index, called SISBEN (Sistema de Identificación de
Beneficiarios), to assign each household to one of six levels of the welfare indicator.
The SISBEN index is the result of an algorithm that weighs households’ variables
associated with their socio-economic well-being. It consists of fourteen components
measuring different aspects of household well-being (such as housing material, access
to public utilities, ownership of durable assets, demographic composition, educational
attainment, and labor force participation. On each dimension, households are classified
according to mutually exclusive and collectively exhaustive categories with varying
weights assigned to each category; these weights vary between urban and rural areas.
For each household, the SISBEN score is then calculated by adding points across com-
ponents. Possible scores range from 0 to 100 (with 0 being the most impoverished).
This index is used to identify the most vulnerable population. In the case of FA, the
program is available to families that score below 18 in rural areas and below 36 in
urban areas which is considered the lowest welfare level (SISBEN level 1).

2.3 Data

The 2005 Census, conducted in Colombia between May 2005 and February 2006 by
the National Administrative Department of Statistics (DANE), covers 96.3% of the
total population. The data used in this paper consist of the 10% sample of dwellings
provided by IPUMS International database at the University of Minnesota. The census
sample includes 1,054,812 households and 4,117,607 individuals.

In the IPUMS sample covers only municipalities with a population of at least
20,000 persons in 1993 and assigns them a unique geographic identifier. Out of 1122
municipalities and other communities in Colombia, 900 did not exceed the minimum
population. Consequently they were aggregated in 310 geographic units (between 2 to
5 communities per geographic unit). Those geographic units included qualifying mu-
nicipalities and no eligible municipalities. In some cases a geographic unit combined
municipalities where the program was and was not operating. Hence, my study will fo-
cus on the 222 municipalities that were not aggregated receiving a unique geographic
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ID.
The final sample captures 119 municipalities where the program was operating

(treatment municipalities) and 26 qualifying municipalities where the program was
not operating (control municipalities). Control municipalities are communities where
the program was not operating between 2001 and 2005 and had “reasonable” similar
population size. Most of the control municipalities were towns with basic school and
health infrastructure but without a bank or municipalities where the local authority did
not register for the program.

2.4 Methodology

This section describes the identification strategy to estimate the spillover effects on
ineligible children and to extend the analysis to measure peer effects on schooling
outcomes.

2.4.1 Sources of variation

The program was targeted to poor families with children under 18. The date of birth
and the municipality of birth jointly determine an individual’s exposure to the FA pro-
gram. All children born between 1984 and 1995 (aged 6 to 17 in 2001)25 in municipal-
ities where the program was available were “exposed” to it. Poor children in treatment
municipalities received a cash incentive to attend to the school. Non poor children did
not received a grant but the availability of the program for a subgroup of the population
-poor children- might affect their schooling outcomes as mentioned in the introduction
(section 2.1).

The cohort born between 1984-1995 as young enough to be “exposed” to the pro-
gram as they can be enrolled in primary or secondary education. We compare “ex-
posed” cohorts with those born between 1971- 1982 (19-30 years old) that were too
old to be “exposed” to the program.26

In order to split the population in poor (eligible) and non poor (non eligible), I
replicate the poverty score described in section 2.2using the variables reported in the
census. Given that the census does not include all the variables required to construct
the index, I predict unavailable components using estimates from the Living Condition

25Children 0-5 years old in 2001 are excluded from the analysis as they were aged 4-9 at the time of
the census and too young to be able to complete 3 or more years of education

26Individuals born in 1983 are excluded from the older cohort because they might be attending to
secondary school.
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Survey collected (1997 and 2003) and the Demographic and Health Survey 2005. 27

Once SISBEN score is computed, I classify each household into one of the six wel-
fare levels. Officially, the program was available to households classified in SISBEN
level 1 but the manipulation of the score has been extensively reported in the literature
(Camacho and Conover, 2009) where families that should have been classified as level
2 are classified as level 1. Hence, to take the manipulation into account, I consider that
poor families are those classified in the SISBEN level 1 and 2. Therefore, I consider
non poor (ineligibles) those households with a welfare score equivalent to level 3 to 6.

The relevant welfare index to compare between young and old cohorts is the one
the individual had when was at school age. Consequently, that information is no longer
available if the individual is not longer living with his/her parents. Hence, I exclude
from the sample all individuals that reported to be the household head. The final sample
in rural areas includes 41,715 individuals in schooling age and 21,527 in older cohorts.

Table 19 reports grade completion by age group and eligibility status (poor and non
poor) . Birth cohorts are classified into four groups: (i) secondary school transition age
(aged 6-11 in 2001), (ii) secondary school post-transition age (aged 12-14 in 2001), (iii)
secondary school age (aged 15-17 ) and (iv) post-secondary school age (aged 19-24
and 25-30). The first column of each age group indicates the grade completion rate for
municipalities where the program was not available between 2001-2005 (C) and each
second column reports those for municipalities where the program was available (T).
For cohorts that are not in school age - cannot benefit from the program - completion
rates are slightly higher in control areas. 28

2.4.2 Identification of spillover effects

The date of birth and the municipality of birth jointly determine the exposure to the
program. To estimate the effect of the program among non poor (ineligible) children I
estimate the following model

27Out of 14 categories required to compute SISBEN score, four components were incomplete or
missing in the 2005 census: quality of roof material, family income, access to social protection and
time to get water in rural areas. The first two components were predicted using the Living Condition
Survey 1997, the third using the Living Condition Survey 2003 and the last one using the Demographic
and Health Survey 2005. Quality level of roof material is predicted using estimated coefficients from
ordered probit models that consider quality of floor material, number of rooms and regional dummy
variables. Family income is predicted using household head’s gender, age and level of education and
regional dummy variables. Access to social protection considers type of work, age, gender, level of
education and regional variables. Time to get water is predicted using water supply, floor material and
regional variables.

28Completed primary school is equivalent to attain 5 or more years of education.
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TABLE 19
Grade completion rates - 2005
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yicm = α0 +α1Tm ∗ youngc +α2Xicm +ηc +λm + εicm (4)

where y measures grade completion for individual i in the birth cohort c and living
in municipality m. Grade completion is a dummy variable that takes value 1 if the
individual has completed the grade under consideration or an upper grade. Tm is a
dummy variable that takes value 1 if the individual lives in a treatment municipality29

and, youngc takes value 1 if the individual was in school age (aged 6-17) when the
program was launched. Hence, Tm ∗ youngc is equal to 1 if the individual was living in
a municipality where the program was available while he/she was in school age. Xicm

is a set of individual and family characteristics. ηc is a set of year of birth (cohort)
fixed effect that controls for aggregate shocks that could affect y even in the absence
of the program; λm is a set of municipality-of-birth fixed effect that account for any
cohort-invariant unobservables within the municipality, and εicm is the error term.

The coefficient of interest is α1, that can be expressed as the difference-in-differences
estimator

α1 =E(y|Tm = 1,young= 1)−E(y|Tm = 0,young= 1)−E(y|Tm = 1,young= 0)+E(y|Tm = 0,young= 0)

29Migration between municipalities is low. In theory, non poor could migrate to municipalities where
the program is not operating to reduce congestion in schools. To maintain exogeneity and reduce bias
in the program effect, I consider the municipality of birth instead of current municipality as it will not
be correlated with the program given than all individuals were born before the program started.
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The OLS estimate of α1 will consistently estimate the average effect of the pro-
gram (spillover) among non poor individuals residing in treatment municipalities if the
difference in unobservables between non poor cohorts are orthogonal to the availability
of the program in the municipality, E(εyoung

icm −εold
icm|Tm = 1) = E(εyoung

icm −εold
icm|Tm = 0).

Several reasons that might explain the existence of spillover effects on non poor
children. First, grants to poor families can improve the local economy at large in-
creasing income and access to formal/informal credit markets for non poor households.
Second, noon poor individuals might imitate or react to the increased competition from
poor individuals that stay longer in the school. Third, the program can create conges-
tion in the school if poor children return/remain in the school increasing the class size.
In addition, measures to mitigate the expected congestion in the school due to the in-
crease in schooling demand of poor household might attract children from ineligible
households.

2.4.3 Identification of social interactions (peer effect)

Spillover effects might be the result of different sources. Following Manski (1993), I
can formalize the different channels through which the program can affect schooling
outcomes on non poor children. In the linear in means model, the schooling outcome
of child i in the peer group g is expressed as

yig = α +θXig +β X̄g + γȲg +uig

where β and γ capture the social interactions. Using Manski’s terminology, β is the
contextual effect that captures the role of peer characteristics on individual schooling
outcomes, while γ is the endogenous peer effect and capture the effect of average
group behavior on individual behavior. Finally, θ measures correlated effects where
individuals in the same group tends to behave similarly because they face the same
constraints or have similar characteristics.

As in Manski (1993), OLS estimation of the linear-in-means model cannot sepa-
rately identify contextual and exogenous interactions. Policy interventions that create
a partial population experiment, affecting only one part of the group, will allow sepa-
rated identification of social interactions. Identification requires orthogonality between
the policy variable the unobservables.

This section discusses the identification of social interactions based on a partial
population experiment (Moffitt, 2001). Assuming that children schooling decisions
follow the linear-in-means model, the outcome for poor and non poor can be expressed
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as

yP
icm = α +θXP

icm +β X̄cm + γȲcm +δTm ∗ youngc +ηc +λm + ε
P
icm (5)

yNP
icm = α +θXNP

icm +β X̄cm + γȲcm +ηc +λm + ε
NP
icm (6)

where yP
icm and yNP

icm are the schooling outcome (grade completion) of individual
i in birth cohort c living in municipality m, for poor (P) and non-poor (NP) groups,
respectively. Xicm and X̄cm are individual and group exogenous characteristics, Ȳcm is
the average outcome of the reference group (excluding individual i) and Tm ∗ youngc

is interaction between treatment locality and exposed cohort. Tm ∗ youngc is assumed
not to have a direct effect on non-poor agents. εicm is an error term assumed to be
independent and identically distributed. Group unobservables are assumed to be a
linear combination of municipality (lm) and birth cohort unobservables (hc). Then
combining equations 5 and 6, and taking the group average

E(yicm) = α +θE(Xicm)+β X̄cm + γȲcm +δTm ∗ youngc ∗E(Picm)+λm +ηc (7)

where E(Picm) is the proportion of poor children in the birth cohort/municipality.
If γ 6= 1, equation 7 has a unique solution:

Ȳcm =
α

1− γ
+

θ +β

1− γ
X̄cm +

δ

1− γ
E(Picm)∗Tm ∗ youngc +λm +ηc (8)

Inserting equation 9 in equation 6, I obtain the reduced-form model

yNP
icm =

α

(1− γ)
+θXNP

icm +
γθ +β

1− γ
X̄cm +

γδ

1− γ
E(Picm)∗Tm ∗ youngc + λ̃m + η̃c + ε

NP
icm

(9)
In equation 9, γδ

1−γ
captures the effect of the program on non poor from changes

in the outcome of poor (behavioral interactions or endogenous peer effect). Estima-
tion of the effect on non-poor is based on difference in difference (DD) techniques.
The DD-estimate is an unbiased estimate of the policy if, absent the policy change, the
average-change between exposed (young) an unexposed (old) cohorts would have been
the same for treatment and controls. Hence, the required identification assumption is
that there are no omitted cohort-varying and municipality-specific effects correlated
with the program. The difference between young and old cohorts can be interpreted as
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the growth in the schooling completion rate. As in Duflo (2000) an implication of the
identification assumption can be tested, individuals that were not in school age when
the program started (old), should not be affected by the policy. The increase in comple-
tion rates between old cohorts should not differ systematically across municipalities.
The two parameters of interest are the overall effect on non poor children, φ ≡ γδ

1−γ
,

and the endogenous peer-effect or behavioral response, γ .
Equation 6 is the equation to estimate . Equation 8 is equivalent to a first stage

where group outcome is instrumented using the interaction between treatment munic-
ipality, exposed cohort and share of poor in the cohort (E(Picm) ∗Tm ∗ youngc). Then
endogenous peer-effect are obtained by taking the ratio of the two DD and can be
expressed as follow

γIV =
(E[Y NP

icm Tm = 1,J = 1]−E[Y NP
icm Tm = 1,J = 0])− (E[Y NP

icm Tm = 0,J = 1]−E[Y NP
icm |Tm = 0,J = 0])

(E[Ȳcm Tm = 1,J = 1]−E[Ȳcm Tm = 1,J = 0])− (E[Ȳcm Tm = 0,J = 1]−E[Ȳcm Tm = 0,J = 0])
(10)

where J is a dummy variable that takes value 1 if the cohort has been exposed to the
program (young). IV estimations of the parameter γ will be consistent if the instrument
satisfies two conditions: (i) it is strongly correlated with Ȳ and (ii) it is uncorrelated
with Y NP beyond the direct effect through Ȳ (no correlation between the instrument
and error term εicm ). Condition (i) can be tested by the first stage (8) but condition (ii)
cannot be directly tested and will be maintained as an assumption.

2.5 Results

In this section I explore the net effect of the transfers on grade completion rates for
non-poor (ineligible) individuals and discuss the potential mechanisms involved. Ac-
cording to the impact evaluation for the program “Familias en Acción” (Attanasio et

al. (2004) and Attanasio et al. (2010) ) the impact of the program on enrollment was
higher in rural areas and for children around the transition between primary and sec-
ondary. Those results are consistent with my estimates for completion rates in rural
and urban areas. Hence, this section will focus on rural areas and the estimates for
urban areas will be reported in the Appendix II . To facilitate comparisons, I start re-
porting the effect on poor individuals living in municipalities where the program was
available. 30

30Note that the group of poor individuals include households classified as sisben welfare level 1 and
2. As explained before, the program is eligible for families officially classified as level 1 in the SISBEN
score but due to the severe manipulation, many households that should have been classified as level 2
were classified as level 1. To take into account the manipulation I consider them as poor.
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TABLE 20
Difference in difference effects among poor
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Program’s effect among the poor

Table 20 reports the intention-to-treat effect on poor children based on equation (4)
but for poor children. Estimates will combine the direct effect of the policy and any
indirect effect due to spillover effects. The probability of acquiring primary education
or more years of education increases by 11.2 percentage points if children are in the
transition age while I will show next that this effect is 9 percentage points for non poor
children (table 21). In panel B, the estimates for the cohort around the transition is dis-
aggregated in two groups, aged 6-8 and 9-11 in 2001 only to improve the comparison
with the results on poor available in the literature. Attanasio (2004) finds the program
has effect on children that were in secondary school age at the time of the follow up
(2003) and this will be comparable with my cohort 9-11 in 2001. Table 20 (panel
B) reports that individuals in the first group are likely to be in the transition between
primary and secondary school at the time of the census (2005) so there is effect on
completing primary school grades but not yet in upper years. For the second group (9-
11 in 2001) that is in year 7-12 or has dropped out the school, I find the highest effects
are observed on completion of primary school (12 percentage points) and 6 years of
education (10 percentage points).
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TABLE 21
Difference in differences estimates among non poor
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Spillover effects among non poor

This section reports the results on spillover effect among non poor after four years
since the program started. Table 21 reports the OLS estimates for spillover effects (α1)
from equation (4) considering three groups of individuals “exposed” to the program. 31

In this context, exposure is an increasing function of individual´s date of birth. Table
21 shows the grant aiming to incentivize poor children to stay or return to the school
has increased the education of non-poor children. Its effect is stronger among individ-
uals exposed to spillovers during the transition between primary and secondary school
(aged 6-11 in 2001), with effects in the range of 7 to 10 percentage points. Consider-
ing the probability of completing primary school (5 or more years of education), I find
the youngest cohort experienced an increment by 9 percentage points, the cohort aged
12-14 in 2001 increases by 3.6 percentage points, whilst there is no effect on the co-
hort that was exposed long after the transition period between primary and secondary
school. These results suggest that the program might also reduce the dropout rate for
non poor individuals in the transition age between primary and secondary school and
incentivize individuals between 12-14 to finish primary school.32

To further investigate this issue, I include an interaction between exposure to the
program in treatment areas and share of poor individuals in the cohort/municipality.
Increments in class size, and the consequent congestion, are more likely the higher the
proportion of eligible individuals in the cohort/municipality is. In table 22, I explore

31To take into account possible correlations within each municipality, standard errors are clustered at
the municipality level throughout the analysis.

32Given enrollment is age dependent and the identification strategy requires the comparison with
cohort in post school age, it is not possible to compute estimates for the enrollment rates.
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TABLE 22
Difference in difference effect among non poor II
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the spillover effects allowing differential effects of the program based on the share of
poor individuals. I find that increased fraction of poor children in treatment municipal-
ities increases the completion rates of non poor children in school transition age by 5
to 14 percentage points. This increment on grade completion suggests that congestion
was not severe enough to discourage non poor children to attend or that do not not play
a significant role in schooling decision.

To control for cohort size, in table 23 I replicate estimates from tables 21 and 22.
After controlling for birth year/municipality cohort size, the conclusions remain. 33

Finding the net spillover is positive and an increasing function of the share of poor
children at cohort-municipality level signals that congestion is not a dominating effect.
Then there are two potential dominating effects. First, the effect of the program in the
local economy. The transfer may affect the goods market through the increased expen-
ditures from poor households increasing either the goods prices in the treatment mu-
nicipalities or the sales from non-poor to the poor. In the risk-sharing model - in which
agents fully insure against idiosyncratic risk by pooling resources and consuming a
fixed share of total income - consumption is independent of their individual income,
conditional on aggregate resources (Townsend, 1994). One of the implications of this
model is that, given two individuals 1 and 2, an increase in agent 1’s income will
increase aggregate resources, resulting in higher consumption for both agents. This

33There is a slight increment in the coefficients for the interaction between treatment municipality,
exposed cohort, and share of poor at cohort/municipality level.
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TABLE 23
Difference in difference effects among non poor III
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efficient resource allocation can be achieved through a series of informal loans and
transfers (Fafchamps and Lund (2003) in Phillipines, Angeluci and De Giorgi (2009)
in Mexico). Therefore, the higher income for agent 1 will also result in an increase in
net transfers to agent 2.

A second dominating effect is endogenous peer effect. This effect could take place
due to imitation, competition or peer pressure. There are strategic complementarities
in peer participation and effort in the education, if the child enrolls in school, the time
that peers spend in class, as well as their effort levels inside and outside the classroom,
can enhance the child’s learning, in addition to his or her own ability and the school
environment. At the same time, there might be a desire to conform with others due to
peer pressure or social norms, resulting in children not wanting to deviate from choices
made by others in her reference group (quadratic conformist utility function).

2.6 Endogenous social interactions (Peer effect)

Due to data constraints, I am unable to explore separately the different mechanisms
involved. In this section I exploit the partial population experiment introduced by
the program to estimate the endogenous social interactions(peer effect) under the as-
sumption that an increase in completion rates among non poor children in treatment
municipalities is the result of the exogenous increase in completion rates among poor
children within the municipality, not the result of changes in contextual or individual
variables affected by the program. This is an strong assumption and can not be tested.
Hence, the results should be interpreted with caution.

Estimates in this section are based on equation 6 and 8. As explained in section 2.4,
partial population experiment creates an exogenous variation on group average com-
pletion rates. I instrument average grade completion rate (poor and non poor children)
for each age group using the interaction between exposed cohort, treatment munici-
pality and proportion of poor children at cohort/municipality level, and the interaction
between the first two variables. Coefficients for the first stage and the F test for joint
significance are reported in table 24.

Table 25 reports the IV estimates of endogenous social effects (γ) from equation 8.
For simplicity, I present in the same row the coefficients of endogenous social effect for
different outcomes. They are not directly comparable because they refer to different
grades. A 10 percentage point increase in peer group grade completion rate leads to a
3.6 to 6.7 percentage point increase in individual grade completion for non poor. The
highest peer group effects are observed for completing primary education of a highest
grade (column 3) and for completing 6 or more years of education (column 4).
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TABLE 24
First stage - non poor
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TABLE 25
Endogenous social interaction effects (IV estimates - non poor)
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TABLE 26
Control experiment among non poor
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2.7 Robustness check

Control experiment

The identification strategy to estimate spillover effects relies on the assumption that
in the absence of the program, the increment in completion rates from old to young
cohorts would not have been systematically different in treatment and control munic-
ipalities. Given that individuals aged 19 or older in 2001 were not exposed to the
availability of the program during the schooling age, an implication of the identifica-
tion assumption can be tested. The increase in completion rates between cohort groups
should not differ systematically across municipalities. Table 26 shows a falsification
experiment where individuals between 19-24 are assumed to be exposed to the program
and they are compared against individuals between 25-30 years in 2001. The sample
excludes individuals that report to be the household head. The estimated differences in
differences are very close to 0.

2.8 Conclusions

In 2001, Colombia launched a conditional cash transfer program aiming to increase
human capital among poor households. The program was targeted geographically and
allocated to poor households according to a poverty score (proxy mean index). The
subsidy provided incentives to poor student to remain in the school.

This paper explores the indirect effects of cash grants allocated to poor children
on grade completion rates among non-poor households in rural areas. On average,
the estimates indicate the program leads to an increase in primary completion rate
among non-poor children by 9 percentage points. For basic secondary education (6 to
9 years), the causal effect of the intervention on grade completion rates is between 7
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to 10 percentage points for cohorts exposed during the transition between primary and
secondary school.

Data limitations restrict the analysis on the mechanisms involved but I can rule out
congestion as the dominating effect. Using the partial population experiment setting
created by the intervention and assuming no direct effect of the grants on non poor
children, I estimate the role of endogenous social interactions on schooling decisions.
A 10 percentage point increase in peer group grade completion rate leads to a 3.6
to 6.7 percentage point increase in individual grade completion for non poor. These
results suggest that the endogenous social interactions might play an important role in
schooling decisions and that policy intervention might have social multiplier effects.
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Appendix II - Results on urban areas

This appendix replicates the results for urban areas where the program had smaller
effects.

TABLE 27
Grade completion rate - Urban
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TABLE 28
Difference in difference effects among poor
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Difference in difference effects among non poor
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TABLE 30
Difference in difference effect among non poor II
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TABLE 31
Difference in difference effect among non poor III
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TABLE 32
First stage - non poor
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IV estimates - non poor
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TABLE 34
Control Experiment on non poor
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3 Housing Upgrade and Health: A Randomized Exper-
iment in Community Nurseries

Abstract

In this paper we use a randomized experiment to study the impact on child

health and adult life satisfaction of a program improving the physical infrastruc-

ture of nurseries in the city of Cartagena, Colombia. We find that replacing floors,

upgrading toilets, kitchen, and play areas has no impact on child health but these

results are subject to a high level of non-selective attrition on children. We also

find that the program improves caregiver’s mental health as measured by the CES-

D depression score. Size effects are moderate on average, at around 0.3 to 0.4

standard deviations, with stronger effects for those between the 30 and 70 per-

centile of the depression score distribution.

3.1 Introduction

Housing conditions affects health in many different ways. Deficient housing condi-
tions on aspects such as water, sanitation, and safe food preparation and storage, can
be a critical factor behind the rapid spread of communicable and food-borne diseases.
In addition, housing and neighborhoods can be also considered as a psychosocial en-
vironment that can affect mental health and life satisfaction. These are some of the
reasons why countries may devote substantial resources to upgrade slum areas and im-
prove housing quality, particularly for the poorest groups in the population. However,
despite the importance of housing as a factor influencing well-being, limited work has
been done to assess the causal impact of housing improvement programs on health and
welfare.

In this paper we use a randomized experiment to examine the causal effect of im-
proving housing conditions on child health and adult mental health. The experiment
was carried-out in the city of Cartagena, Colombia, and the intervention consisted in
upgrading floors, walls, and toilets. The program was specifically targeted to houses
accommodating a state-funded community nursery called “Hogares Comunitarios”.

Our paper contributes to expand the still scant literature on the physical and men-
tal benefits of housing improvements. Contributions in this area come from both the
medical and the economic literature. The medical literature has documented some as-
sociation between housing, and physical and mental health. Thomson et al. (2009)
conducts a systematic review in this area and reports that housing improvements, espe-
cially warmth improvements, can produce health benefits among adults and children;
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they also report some positive effects on mental health. In turn, a still limited body
of the economics literature has been focused on the identification of the impact of
housing upgrade on physical and mental health. Katz, Kling, and Liebman (2001)
examine the impact of changes in residential neighborhoods on the well-being of fam-
ilies in high-poverty areas that received housing vouchers through a random lottery in
the United States. They find that households that were offered vouchers experienced
improvements in multiple measures of well-being, including health among heads of
household, and a reduction in the likelihood of asthma attacks and injuries among chil-
dren. Devoto et al. (2012) find that facilitating access to credit for private tap leads to
a positive impact on mental health and perceived quality of life but has not impact on
income or health outcomes. Cattaneo et al. (2009) investigate the impact of a large-
scale Mexican program to replace dirt floors with cement floors on child health and
adult happiness. They find that children living in improved houses experience lower
incidence of parasitic infestations, diarrhea, and anemia, as well as an improvement
in cognitive development; they also find an improvement in adult welfare as measured
by depression scores, perceived stress scales, and self-reported satisfaction with their
housing and quality of life.

Anticipating the results that we discuss in the following sections, we find improving
housing conditions has no significant effect in the available outcomes of child health.
Several factor may be conditioning this result. To begin with, sample drop-out rates
reached almost 61% of children initially attending community nurseries. Although
this attrition appears to be randomly distributed among children in both treatment and
control groups, it still nonetheless reduces the power of our statistics for this particular
group (children). Moreover, data availability restrictions prevents us from using direct
measures of the health outcomes of interest (such as parasitic infestations). Instead we
use indirect outcomes (diarrhea, respiratory diseases and other illnesses), what damp-
ens the power of our identification strategy for this particular group. Finally, the data
was collected nine months after the intervention, which may be too short of a time-
frame to capture health effects.

In addition, we find that the intervention under consideration leads to a statisti-
cally significant improvement in mental health measures for adults living in houses
subjected to the treatment. Mental health is described by measures of the current level
of depressive symptomatology including depressed mood, feelings of helplessness and
hopelessness, psycho-motor retardation, loss of appetite, and sleep disturbance (Center
for Epidemiologic Studies Depression Scale).

Finally, a word of caution regarding the validity of our results. Although the inter-
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nal validity of the results is guaranteed by the experimental design of the evaluation
(that is, the findings are valid in the context of the evaluation), they do not necessarily
apply or can be extrapolated to other cities with different socioeconomic characteris-
tics, climatic conditions, and/or sanitary infrastructure.

The rest of the paper is organized as follows. Section 3.2 describes the intervention,
while section 3.3 discusses the data used and presents basic statistics. Section 3.4
explains the framework to estimate the impact of the housing upgrades on child health
and caregiver depression. The main results are presented in section 3.5, and section
3.6 discusses the robustness of our results. Finally, section 3.7 concludes.

3.2 Background

Hogares Comunitarios (HC) is a large program of community nurseries introduced all
over Colombia in the mid 1980s. The program is run by the Instituto Colombiano de

Bienestar Familiar (ICBF). Each of these nurseries provide nutrition and childcare to
an average of 13 poor children between 0-6 years old. They operate in the household
of the caregiver (Madre Comunitaria). Currently, there are more than 80,000 nurseries
across the country.

In 2007, the ICBF launched a pilot program to upgrade 2,700 Hogares Comunitar-

ios. The program improved the quality of floors in the kitchen, toilets, common area
and playgrounds, replacing rough wood, board, cement and dirt floors with tile. Addi-
tionally, the program improved the quality of the walls and roof and built new toilets.
In 2008, the ICBF agreed to randomly select what nurseries would be improved in the
city of Cartagena were the improvements were not taking place.

Upgrades on community nurseries in Cartagena, Colombia’s fifth largest city, took
place between December 2008 and March 2009. The initial plan for the evaluation
considered six areas. Unfortunately, for three of these six areas the improvements be-
gan before the baseline survey could be carried-out. As a consequence of this, we had
to exclude those three areas from our study. For the remaining three areas, nurseries
were randomly allocated to treatment and control groups. Of the 150 nurseries deemed
to require physical improvements by ICBF engineers, 72 were randomized-in and 78
were randomized-out. The control nurseries received the intervention in 2010.
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3.3 Data

3.3.1 Data characteristics and sources

The ICBF collected data on nurseries and children on November 2008 before the hous-
ing improvement had taken place, and in November 2009 roughly nine months after
the improvements finished. It collected data on 150 nurseries. The nursery module
included in the survey gathered specific information on the caregiver, including socioe-
conomic characteristics, specific training, knowledge on diarrhea and other illnesses,
and depressive symptoms. The module also includes very detailed information on the
nursery’s (household) access to public services (water, sewage, electricity, etc), and
infrastructure, including the quality of ceilings, walls and floors, number of rooms and
toilets, and floor material composition for the kitchen, dinning, toilets and playground.

The child and family module includes data socioeconomic characteristics, access
to social programs, child health outcomes (diarrhea, respiratory diseases, and other
illnesses in the 7 days prior the interview), health services utilization, history of atten-
dance to Hogares Comunitarios nurseries, and distance to important places in the town
-such as the nearest health center and school.

Most of the data collection was carried out in the nursery. In very few cases data
was collected at the child household. As we explain below in more detail, the follow
up survey suffered from a high level of attrition of children in the initial sample.

3.3.2 Outcome measures

We are interested in capturing the effects of this housing improvements on both the
mental health of the caregiver, and specific outcomes of child health. As mention
before, we do not observe in the data the direct outcome of interest (such as parasitic
infestations) but rather indirect ones (diarrhea, respiratory diseases and other illnesses).

Child Health. Child health is maternal-reported, and includes the prevalence of
diarrhea, respiratory disease and other illnesses in the 7 days prior to the survey.

Mental Health Adult mental health is measured using the Center for Epidemiologic
Studies Depression Scale (CES-D Scale) designed by Radloff (1977) to measure de-
pression. The CES-D is a 20-item self-report instrument that assesses the presence and
severity of depressive symptoms occurring over the past week. Questions are easy to
answer and cover most of the areas included in the diagnostic criteria for depression,
reflecting depressed mood, feelings of guilt and worthlessness, feelings of helplessness
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and hopelessness, psychomotor retardation, loss of appetite, and sleep disturbance. Re-
sponse categories indicate the frequency of occurrence of each item, and are scored on
a 4-point scale: 0 = rarely or none of the time, 1 = some or a little of the time, 2 =
occasionally or a moderate amount of the time, and 3 = most or all of the time. Four
of the items were positively worded while the others were negatively worded. We ob-
tained the CES-D score by reversing the scores of the answers to the positively worded
items and then summing up the scores across the answers for the 20 items. Therefore, a
higher score denotes a higher level of perceived depression measured on a scale of 0 to
60. In general, scores of 16 and above are indicative of high depressive symptoms and
21 and above are indicative of severe clinical depression. It is important to note that in
this paper we will focus on the depression scores instead of the depression status.

3.3.3 Balance between treatment and control group

In 2008, we collected data on 150 nurseries. A year after that, we could collect data
on 149 of those nurseries.34 In the follow up survey, only 145 caregivers answered the
depression module. We restricted our sample to those nurseries with no missing data on
depression in both interviews, obtaining a final sample comprising 140 nurseries. Table
35 compares the balance in household and caregiver characteristics for nurseries in the
treatment and control groups. It also compares pretreatment outcomes on depression.
None of the differences are statistically significant at a 5%.35

Table 36 shows the difference in means for all the children attending to 149 nurs-
eries in baseline. Balance between groups is crucial for the validity of the randomized
experiment. At a 5% significance level, we detect imbalances between treatment and
control groups in only 2 out of 19 variables.

3.3.4 Attrition

As we mentioned earlier, we observed a sizable attrition for children in the sample,
but we do not find statistical evidence indicating a differential selection process for the
treatment and control groups. In other words, the process driving the attrition appears
to be orthogonal to the intervention. ICBF officials consider that this high level of
attrition is due to the creation of a new preschool for children between 3-5 years old.

The quantitative characteristics of this process are as follows. Out of 1,958 children
interviewed in 149 nurseries at the baseline survey, 865 stayed in the nursery at the

34One nursery in the control group was temporary closed due to the medical condition on the caregiver
that needed a surgery.

35We find similar results for the difference in means at baseline using the sample of 150 nurseries.
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Difference of means for nurseries in 2008
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TABLE 36
Difference of means in 2008. Children
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follow up and 1,093 were not longer enrolled. Table 37 reports the attrition between
baseline and follow up. Row (1) indicates the attrition rate due to no enrollment one
year after the baseline. The attrition was 55% in the treatment group and 57% in the
control group but the difference was not statistically significant. In addition, there is
a second source related to the absence on the day of the follow up interview. Around
11.5% of the 865 that stayed in the nursery at the follow up didn’t report symptoms
for the illnesses covered in the survey.36 Row (2) takes into account the attrition due
to absence on the day of the interview. Now the attrition rates increases to 60% for the
treatment group and 62% to the control group. Thus, as already said, after comparing
nurseries in the treatment and control groups we do not find significant differences
between them.

We further investigate if there is evidence of a differential selection processes un-
derlying the observed attrition in both the control and treatment groups (something
that may bias the results). Table 38 reports the differences in means for children that
were not enrolled or absent on the day of the follow up interview. We observe that the
sample is balanced across intervention and control areas, with imbalances detected on
2 out to 19 variables. These results are consistent with the assumption of a common
selection process, orthogonal to the intervention, affecting nursery attendance equally
in the two group. In other words, we find no evidence of a selective attrition.

Finally, it is important to note that, although the attrition appears not to be selective
(children that dropped out have similar characteristics irrespective of being in the con-
trol or treatment groups), we do observe some unbalance between those children that
stayed in the treatment and control nurseries. This is a direct consequence of the reduc-
tion in sample size that followed the attrition. Had the sample remained closer to the
initial size, this difference would have a much smaller weight in the results. Table 39
reports the difference in means at baseline for those children that were interviewed in
baseline and follow up survey. Children in control nurseries have a higher prevalence
of diarrhea, are less likely to be up to date on health check up and those differences
are significant at the 5% level. We also find children in control nurseries experiencing
more illnesses, excluding diarrhea and respiratory diseases, but the difference is only
significant at 10%. We will discuss this results in section 3.5.

36According to the nursery caregiver, 95% of the 103 children that didn’t report illnesses attended to
the nursery in the last 5 days.
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TABLE 38
Difference of means at baseline for children not interviewed in 2009
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TABLE 39
Difference in means at baseline for children interviewed in 2009

N Dif St. Errors t-stat
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3.4 Empirical Framework

Effect on children

Although the identification of the treatment effect relies on the randomization, in the
case of children we consider double differences instead of simple difference because
children in the control group seem to be more prompt to diseases (see table 39). In
section 3.3.3 and 3.6, we will show there is a high level of drop out but no evidence
of a selective attrition. We used a fixed effect approach that controls for preexisting
differences between children in treatment and control groups

Yihst = α +βTh +δTh ∗a f tert +φa f tert + γXiht +λs + εihst (11)

where Yiht is the health outcome for child i at time t in nursery h located in stratum s.
Th is a dummy variable which equals 1 if the nursery was selected for the intervention.
a f ter is a dummy variable that indicates if the data belongs to the follow up survey. X

is a vector of child and family variables such as age in months, age-squared, gender,
mother’s age and years of education (lineal and squared). λs is a set of dummy vari-
ables for the stratum.εihst is an error term which is uncorrelated with the error term of
children attending to other nurseries, but which may be correlated with other children
in the same nursery.

In this context, β captures a combination of differences from attrition and any other
preexisting differences between treatment and control group (group effect). φ captures
aggregate shocks that affect the outcome variable in the same way for both treatment
and control groups (time effect).δ is the parameter of interest and captures the causal
effect of the intervention on child health.

Effect on the caregiver

The randomized experiment provides us with a credible source of identification to
estimate the effects of the intervention. For the case of the caregiver, we estimate the
following model

Ysm = α +βTsm + γXsm +λs + εm (12)

where Ysm is the depression score for the caregiver m in the nursery s one year
after the intervention. 37 T is a dummy variable which equals 1 if the caregiver’s

37Alternative transformation of the depression score has been considered: logarithms, box cox and
inverse hyperbolic transformation.
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household (nursery) was selected for the intervention. X is a vector of individual-
level variables such as age, age-squared, years of education and years of education-
squared.38 λs is a set of dummy variables for the stratified randomization.εmis an
error term. Randomization guarantees that conditional on the stratum the error term is
uncorrelated with the treatment status, hence E(εm|λs,T = 1) = E(εm|λs,T = 0).

We start estimating equation 12 by OLS. However, the distribution of the mental
health score may change in a way that is not revealed by an examination of aver-
ages. Therefore, a parameter of interest in the presence of heterogeneous treatment
effects is the quantile treatment effect (QTE). As originally defined by Doksum (1974)
and Lehmann (1974), the QTE corresponds, for any fixed percentile, to the horizon-
tal distance between two cumulative distribution functions. This result assumes rank
preservation requiring that the relative value (rank) of the potential outcome for a given
individual to be the same regardless of whether that individual is in the treatment or in
the control groups.39

The estimation of quantile treatment effects (QTEs) allows us to analyze the ef-
fects on the entire distribution. We distinguish between conditional and unconditional
effects. Under exogenous treatment, conditional quantile treatment effects (CQTEs)
are defined conditional on the value of the set of covariates X, whereas unconditional
effects summarize the causal effect of a treatment for the entire population. Uncondi-
tional QTEs name is used to distinguish them from commonly used conditional quan-
tile regressions (Koenker and Bassett (1978), Koenker (2005)). The “unconditional
quantiles” are the quantiles of the marginal distribution of the outcome variable Y. Our
estimates will be based on the UQTEs as described below and presented in section 3.5.
Estimations of conditional QTEs will be discussed in Appendix III.

Let Y 0 and Y 1 the potential outcomes with and without treatment and F(Y 0) and
F(Y 1) the corresponding distributions. Yi is the observed outcome, which is Yi≡Y 1

i Ti+

Y 0
i (1−Ti).

Conditional Quantile Treatment Effect We start with the standard model for linear
quantile regression. We assume that Y is a linear function in X and T,

Yi = Xib
τ +Tdτ + ei and Qτ

εi
= 0

for i= 1, ...,n and T ε(0,1). Qτ
εi

refers to the τth quantile of the unobserved random
variable εi.

38Notice that the randomness of the program allocation guarantees the consistency of the estimates,
and the variables in Xsm are included to increase precision and not to remove bias.

39Note this problem doesn’t occur when estimating the average treatment effects because difference
in means coincides with the means of the differences.
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In addition, we assume that conditional on X, T and (Y0, Y1) are independent (
Y0,Y1 ⊥ T |X). Both assumptions imply

Qτ

Y |X ,T = Xiβ
τ +T δ

τ

where Qτ

Y |X ≡ F−1
Y |X(τ). δ τ represents the CQTEs at quantile τ . δ τ and β τ coef-

ficients can thus be estimated by the classical quantile regression estimator suggested
by Koenker and Bassett (1978).

Unconditional Quantile Treatment Effect Following Firpo (2007), the uncondi-
tional QTE for the quantile τ is given by ∆τ = Qτ

Y1
−Qτ

Y0
. In this case, quantile treat-

ment effects are simple differences between quantiles of the marginal distributions of
potential outcomes. However, if rank preservation holds, then the simple difference in
quantiles turn out to be the quantiles of the treatment effect.

The two identification assumptions are that:

• selection to treatment is based on observable variables (exogeneity assumption),

Y0, Y1⊥T |X

• common support of X, 0 < Pr[T = 1|X = x] < 1, that is both treatment assign-
ment levels have a positive probability of occurrence.

An additional assumption is for some values of τε(0,1), quantiles are well defined and
unique.

Firpo (2007) proposes a two step approach that is a reweighed version of the proce-
dure proposed by Koenker and Bassett (1978) for quantile estimation. This estimation
technique requires a nonparametric first step in which the propensity score is estimated.
The final estimators will be equal to the differences between two quantiles, which can
be expressed as solutions of minimization problems, where the minimands are sums of
check functions, which are convex empirical processes.

The weighting estimator for ∆τ therefore is

(α,∆τ) = argmin
α,∆τ

∑W F
i ×ρτ(Yi−α−Ti∆)

W F
i =

Ti

Pr(T = 1|Xi)
+

1−Ti

1−Pr(T = 1|Xi)

One of the advantages of using UQTE over CQTE is that the definition of UQTE
does not change when we change the set of covariates X. These covariates are included
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in the first-step regression and then integrated out. However, the definition of the
effects is not a function of the covariates.

3.5 Results

3.5.1 Effect on child health

Table 40 presents the effect of housing upgrades on child health using a fixed effect ap-
proach. As we described in section 3.3.3 the level of attrition was high but presumably
not selective. However the results should be interpreted carefully due to the potential
unbalance at baseline on health outcomes presented in table 39 and the lack of power.
The program seems to have no impact on any of the child health outcomes (diarrhea,
respiratory diseases, other illnesses and any of the previous three). Coefficients for the
interaction between treatment and after the intervention are not significant.

In spite of the previous results, we do observe a significant group effect. For chil-
dren that stayed at the nursery after the intervention, the prevalence of diarrhea and
other illnesses before the intervention was lower in the treatment than in the control
group. Maternal reported cases of diarrhea (in 7 days prior to the survey) among chil-
dren in treatment nurseries were 5.8 percentage-point lower than in control nurseries
(from a base of 14.2%). For respiratory diseases, the group effect was statistically not
significant. In the case of illnesses different from diarrhea and respiratory diseases,
the group effect was -4.8 percentage points. Combining all the illnesses in the 7 days
prior to the survey (see table 40, column “any illness”), this effect was a reduction by
7.3 percentage-point on treatment nurseries. In section 3.3.3 we showed that drop-out
children had no significant differences in characteristics and pre-treatment outcomes
between treatment and control nurseries. Then, our estimate for group effect will com-
bine pre-existing differences with any other difference from attrition, even when the
last one was not significant.

Estimations in table 40 consider all children that stayed enrolled in the nursery after
the intervention and reported illnesses at the baseline and follow up or only in one of
them. 40

40Similar results are obtained when we restrict the sample to those with no missing data in the out-
come variable at baseline and follow up. Sample size drops to around 1,500 and standard errors increase
slightly. The drop in the sample size is mainly related to cases of no attendance to the nursery on the in-
terview days. In the 95% of the cases the nursery caregiver reported that the child was attending during
the last 5 days.
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TABLE 40
Linear Probability Model. Estimates on Child Health
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TABLE 41
Effect on Depression
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3.5.2 Effects on caregivers mental health

Table 41 presents the results of improving housing conditions on mental health from
the OLS estimations. Column 1 and 2 report the treatment effect with and without con-
trols for caregiver’s age and years of education. Simple difference between caregivers
in treatment and control nurseries shows a positive but not significant effect on mental
health, reducing the depression score by 1.62 points (0.27 standard deviations) or 23%.

Considering that with a relatively small sample the estimates of a linear model may
lack precision, that the distribution of the depression score is not normal (see 5), and the
possibility of outliers, we decided to apply a non-linear transformation to circumvent
this problems.

We apply three non-linear transformations: logarithmic, box cox, and inverse hy-
perbolic sine 41. Before applied the transformations we rescale the score. Around 20%

41IHS(z)≡ asinh(z) = ln(z+(z2 +1)0.5)
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FIGURE 5
Distribution of Depression Score. Baseline
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of the values of the depression score were zero, meaning that 20% of the caregiver
interviewed after the intervention scored zero in each of the 20 items of the depression
scale. To avoid loosing the information from the cases with zero score, we first rescale
the score as score+1 and then apply the transformations.

Columns 3 to 6 (table 41) report the effect of the intervention on the transformed
depression score. All the results are reported in terms of the rescaled score. For all
the cases we find the program has a significant effect. Column 4 indicates an average
treatment effect of -0.386 log point (-32%) or -0.4 standard deviations.42 We obtain
a similar results using the BC and IHS transformations. In this case, the effect is
approximately a 34% and 35% reduction in the depression score, respectively. The
marginal effects of the treatment on depression score, computed at the mean of the
depression score for the control group after the intervention, are -2.33 and -2.43 points
for the box cox and IHS transformations, respectively.43

In the presence of heterogeneous treatment effects it is relevant to consider the
effect of the program beyond the conditional mean. In this case, a parameter of interest
is the quantile treatment effect (QTE). Table 42 reports the UQTEs at the 10-th, 20-th,
30-th, 40th, 50-th, 60-th, 70-th, 80-th and 90-th percentile, following Firpo (2007), as
described in section 3.4.

42A treatment effect of -0.386 log points corresponds to a treatment effect of (exp(-0.386)-1)*100 =
32.06 percent.

43For the box cox transformation, marginal effects are computed as -0.4686*6.83^(1-0.165). For
the IHS is calculated as -0.3531*(-2.437^2+1)^0.5=-2.43. Note for a model IHS(z) = Xβ + ε , dz

dx =

β (z2 +1)0.5
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TABLE 42
Unconditional Quantile Treatment Effect on Depression

�� �� �� �� �� �� �� 	� 
�

��� ��� ��� ��� ��� ��� ��� �	� �
�

������� ������ ������� ��������� ��������� ������� ���������� �������� ������� ������

������� ���
��� ���		�� ���		�� ������� ������� ������� ���	��� �����	�

���������

����� �����	
�
���� ����
�� ��������� ������� ����	 �� �
��� ������ � ��� �������
��� 
����	� 	���
�� ��� �����
�
�	

����� ��	 �������� ��� �����
����� ��� ��	  ��� �� �	����
�� ��
���� ��	 ��	���
� ������� !����� �
"� #$%� &������
� 

����� ���
����	 � ���
� �������
�� ��
�� �� 
��
�
�� ���	'
	�( ��	 ������ �����(
�� �����	�)#�� *������
�� ����� 
�

��	��
��	 ���'��� #+,#- 
� ��� ������ �(� ��.
��� ����� 
� $/� 0 !
��
�
���� �� #�1- 00 �
��
�
���� �� /1- ��	 000

�
��
�
����2��2#1�2

The intervention does not tackle the determinants of depression, then we would not
expect strong effects at the top of the distribution. Our results suggest that the inter-
vention improves the mental health for caregivers in the central part of the distribution,
between the 30-th and 70-th percentile. The effects are stronger above the median with
a reduction by 3 points at the 60-th and 70-th percentile while they are 2 points at the
30-th and 40-th percentile. We find no effect on those who score very high or very low
on the depression score (see table 42).

Conditional QTE and unconditional QTE for the non-lineal transformation on the
depression score are reported in the Appendix III .

3.6 Robustness check

Attrition In section 3.3.4 we show that children that dropped out have similar char-
acteristics irrespective of being in the control or treatment groups. In this section, we
confirm our initial results assessing whether attrition is explained by treatment status
and pre-treatment health outcomes and also modeling for non-random attrition.

Probability of Attrition We estimate the probability of attrition as a function of
treatment nursery, pre-treatment health outcomes as well as a range of child and family
characteristics. Table 43 shows that children in treatment nurseries are almost as likely
to attrit than children in control nurseries and there is no significant differences in
attrition based on pre-existing health outcomes. We also note that older children and
children with more educated mothers are more likely to attrit.

Modeling nonrandom attrition. There are two ways in which attrition can bias the
results. First, it may alter the characteristics of the sample, making it no longer repre-
sentative of the original sample. This is the case if the stayers are not representative of
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TABLE 43
Probability of no participation in follow up surveys
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TABLE 44
Effect on Child Health from weighted least squares
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the children interviewed at baseline. The second way that selective attrition can bias
longitudinal data is by altering the covariance of variables. The underrepresentation of
some groups of children leads to correlations between variables that are different than
the true correlations in the original sample. In section 3.3.3 we argue that attrition does
not seem be selective. Differences at baseline between drop out children in treatment
and control nurseries are not statistically significant.In this section we estimate a lin-
ear panel data model under possible nonrandom attrition based on inverse probability

weighting (IPW). Inverse probability weighting involves two steps. First, we estimate
a Probit of drop out on child and family characteristics and pre-program child health
outcomes. We then use the fitted probability, p̂i and estimate least squares weighting
by 1/p̂i. The results we obtain from these procedure are reported in table 44.

As in section 3.5, we find a group effect but no impact on child health. At baseline,
children in treatment nurseries experience 6 percentage point less episodes of diarrhea
and other diseases, 9 percentage point less prevalence of respiratory diseases and 10
percentage point less prevalence of any illness than children in control nurseries.

As an additional check for the possibility of non-random attrition, we use Heck-
man’s procedure to detect and correct for attrition bias. We explore whether the day
of week is a good predictor for attrition. If the interview takes place in some nurseries
during the weekend it is likely to observe high level of attrition. However, we we do
not find any significant effect when using the day of week for the interview. Then, day
of the week is not a valid instrument to estimate the drop out in the first stage of the
Heckman’s procedure.
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TABLE 45
Linear Probability Model. Estimates on Child Health, 2009
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3.6.1 Effect on child health

Effect on child health controlling for pre-treatment illnesses In section 3.3.3 we
explain that children in the control group seem to be more prompt to diseases. In
this section, we control directly for preexisting differences in prevalence of illnesses
between treatment and control groups instead of using the fixed effect approach to
control for any time-invariant difference between groups as proposed in section 3.5.1.

Table 45 reports the effect of the intervention on child health after controlling for
pre-existing differences in health outcomes. As in section 3.5.1, we find no impact on
child health.

Double differences: marginal effects from probit model. Table 46 reports the
marginal effects on child health from a Probit model, for the treatment group and
time effects, and the interaction effect. Group effect is defined as the increment in
the expected potential outcome Y 0 conditional on time, treatment group, and X and
expressed as

4E(Y 0|a f ter,T,X ,λs)

4T
= F(α +β +φa f ter+ γX +λs)−F(α +φa f ter+ γX +λs)

(13)
Similarly, time effect is defined as

4E(Y 0|a f ter,T,X ,λs)

4a f ter
= F(α +βT +φ + γX +λs)−F(α +βT + γX +λs) (14)

To compare the results with those reported in table 40, we compute the marginal
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TABLE 46
Marginal Effects on Child Health from Probit Model
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effect for treatment group at the baseline (a f ter = 0) based on equation 13 and the
marginal effect for time on the control group (T = 0) using equation 14 . These effects
are very similar to those reported in table 40.

In the probit ‘‘difference-in-differences’’ model, the treatment effect is the dif-
ference between two cross differences: it is the cross difference of the conditional
expectation of the observed outcome Y minus the cross difference of the conditional
expectation of the counterfactual outcome Y 0. As Puhani (2012) shows, the treat-
ment effect δ is equal to ∆2E[Y |a f ter,T,X ,λs]

∆T ∆G − ∆
2E[Y 0|a f ter,T,X ,λs]

∆T ∆G and can be computed as
Φ(α +β +φ + δ + γX +λs)−Φ(α +β +φ + γX +λs). The treatment effect is also
not significant and smaller than the estimates from section 3.5.

Increasing the sample: Including new children In this section we investigate the
effect of including children that were not attending at baseline but were attending the
following year. Table 47 reports the characteristics of new children based on the follow
up survey. We observe that new children in control nurseries come from poorer and
less educated households than children in treatment nurseries.

We replicate table 46 using the sample of all children at baseline and the new
children at follow up. As in section 3.5.1, we find improving housing condition has no
impact on child health.
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TABLE 47
Difference of means for new children interviewed in 2009
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Linear Probability Model. Estimates on Child Health Including New Children
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3.7 Conclusions and final remarks

In this paper we investigate the effect of improving toilets, and floor and wall quality on
adult mental health using a randomized experiment in the city of Cartagena, Colombia.
We explore the impact of the intervention on health outcomes for children attending
community nurseries (the target of the intervention). When considering diarrhea, res-
piratory diseases, and other illnesses, we do not find in the available data evidence of a
statistically significant effect on these health outcomes. However, these results need to
be interpreted with caution since, as previously discussed, we observe a high level of
attrition in these subjects (61% of the initial sample). Attrition appears to be not selec-
tive relative to the intervention, affecting both control and treatment groups in the same
way, and thus preserving the random nature of the group composition for the purpose
of the experiment. Yet, despite this non-selective nature of the attrition, the reduction
of the sample size reduces the statistical power to detect significant effects. We con-
sider that this reduction in sample size could be particularly detrimental here since we
use indirect measures (diarrhea) for our outcome of interest (parasitic infections) and,
as a result, the measured coefficient would tend to be of lower statistical significance
than in the case where we dispose of a direct measure of our outcome of interest.We
consider that these two aspects could have played a significant role in driving these
results, so they should be consider with caution.

We find evidence that improving housing conditions has a positive effect on adult’s
mental health of 0.3 to 0.4 standard deviations, as measured by depression scores (ad-
justed to account for the non-normality of the distribution and the presence of outliers).
In particular, we find the effect to be significant from the 30th to the 70th percentile,
indicating that the intervention had a positive effect on mental health for subjects in the
middle of the distribution. We did not find a statistically significant effect for subjects
initially ranking very high or very low in the measured depression score. We performed
such decomposition of the results estimating the unconditional quantile treatment ef-
fects on the depression score in the spirit of Firpo (2007).
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Appendix III

Table 49 shows the estimates for conditional quantile treatment effect presented in
section 3.4. Estimates for CQTEs are based on the quantile regression estimators pro-
posed by Koenker and Bassett (1978) but considering analytical standard errors that
are consistent also in the case of heteroskedasticity as detailed in Frölinch and Melly
(2010).

TABLE 49
Conditional Quantile Treatment Effects on Depression
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Table 50 reports the marginal effects of housing upgrades on mental health using
the transformed variables. In all cases, we find a reduction in the score in the central
part of the distribution. The reduction is stronger on the lower quantiles.
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TABLE 50
Unconditional Quantile Treatment Effect
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