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We examine the impact of flooding in Pakistan on child health using satellite
data and two household datasets. Flooding may influence child health, as mea-
sured by weight-for-height z-score, through two key channels. First, excessive
flood waters can catalyze the spread of diarrheal disease, negatively impact-
ing child health. Second, excessive flood waters — even when damaging in
some areas — provide water to rice paddies and other agriculture, increasing
food availability in the post-flood period. This may positively influence child
health. In Pakistan, we find evidence of both channels: floods increase inci-
dence of morbidity (diarrhea and fever) and also increase dietary adequacy
(meal frequency and dietary diversity) in the post flood season. Because these
mechanisms act against one another, we find weak overall impact of floods on
child health.

Keywords: human-environment, infectious disease, water-borne illness, agriculture

∗Department of Agricultural, Environmental and Development Economics, Ohio State University.
Email: sajid.10@osu.edu. We are grateful to Dan Slayback (NASA - MODIS Near Real-Time Global
Flood Mapping Project) for providing access to MODIS flooding data, and to Abid Burki (Lahore
University of Management Sciences) for providing access to earlier rounds of the Multiple Indicator
Cluster Survey (MICS).

1



1 Introduction

Floods are a common occurrence worldwide and especially in South Asia (Ahmed and
Suphachalasai, 2014), with significant measurable impact on human welfare (Banerjee,
2007; Ghimire, Ferreira, and Dorfman, 2015; Le, 2020). Pakistan, like other countries,
has faced an increase in the frequency and intensity of floods in the past several years
due to climate change; seven years in the past decade were listed as major flood years
compared to an average of 3 in the preceding 6 decades (Ministry of Water
Resources Pakistan, 2018). After almost every major flood, news media reports an
increase in the risk of temporary displacement, loss of livelihoods, and infectious
diseases. For example, the 2019 monsoon flooding in the city of Karachi reportedly led
to a 300 percent increase in the number of patients with diseases such as hepatitis and
abdominal pain (Frontier Post, 2019). These effects will only continue as flooding
frequency due to climate change increases in the coming years (Field, 2014).

Understanding the human impacts of flooding is necessary for regional policies around
flooding, and also provides insight into the influence of climate change and natural
disasters on future human welfare. We add to literature on the human impacts of
climate change by estimating the causal impact of flooding in Pakistan on child health
(weight-for-height z-score) and its mediating variables: diarrhea, fever, meal frequency
and dietary diversity. We do this by using satellite-based flooding data that spans a
period of almost twenty years, and two sets of household surveys: the Demographic and
Health Survey (DHS), and the Multiple Indicator Cluster Survey (MICS).

Existing literature, not only in economics but in public health and epidemiology, shows
that floods can increase the risk of communicable diseases such as diarrhea, cholera, and
typhoid fever, can reduce childrens’ physical and mental growth potential, and can even
cause higher child and adult mortality rates (Ahern et al., 2005; Alderman, Turner, and
Tong, 2012; Pradhan et al., 2007). Papers topically most close to ours examine the
health impact of floods in Bangladesh, Ecuador, and Mexico. Hashizume et al. (2008)
compare diarrhea-related hospital admissions in urban Dhaka before and after the
massive 1998 Bangladesh flood, and find a significant increase in these admissions in
flooded areas, with an impact that lingers into the post-flooding season. They use river
height to proxy for flooding intensity. Del Ninno and Lundberg (2005) use three rounds
of data collected after the same flood to show that the children exposed to flooding were
subsequently shorter, with no evidence of catch-up growth over time. They use self-
reported data on flood exposure. Rosales-Rueda (2018) find that children exposed to
the 1997-1998 Ecuadorian El-Nino floods were more likely to be stunted both five and
seven years afterwards. Aguilar and Vicarelli (2011) examine a similar 1999 El-Nino
event in Mexico, comparing children of the same age in flooded and non-flooded
villages, and find negative impacts on child height, weight, and cognitive abilities. Both
of these papers used rainfall shocks as a proxy for flooding. All papers except that by
Hashizume et al. (2008) use child data collected after a single flood of interest.

Apart from quantitative studies using household survey or hospital admissions data,
qualitative studies also suggest a link between flooding and child health. Focus group
discussions from slums in Dhaka identified recurrent flooding as a key cause of child
malnutrition (Goudet et al., 2011). Similarly, 120 households that were highly affected
by the 1998 and 2004 floods in Bangladesh report a severe reduction in food
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consumption due to floods, leading to child malnutrition (Chanda Shimi et al., 2010).

Although flooding exposure has largely been found to impact child health negatively, it
does not affect all children in the same manner. Heterogeneity exists based on child’s
age (Del Ninno and Lundberg, 2005; Aguilar and Vicarelli, 2011; Rodriguez-Llanes
et al., 2016), gender (Pradhan et al., 2007), socioeconomic status (Pradhan et al., 2007;
Schwartz et al., 2006), use of unsanitary toilet and non-piped water (Hashizume et al.,
2008), and frequency of flood shocks (Rodriguez-Llanes et al., 2016).

Additionally, the mechanisms that connect flooding and child health may be more
complex than previously noted, at least in rice-growing contexts. We hypothesize that
two main pathways connect flooding and child health in Pakistan. First, flooding
incidence drives communicable disease, as previously explored and noted in the
literature. Second, because flood intensity is spatially autocorrelated and since flooding
is correlated with rainfall (Guiteras, Jina, and Mobarak, 2015), even destructive levels
of flooding can be spatially linked to agriculturally-positive levels of flooding or rainfall.
While extreme floods are linked to lower agricultural production, “normal” levels of
flooding benefit agricultural output in the months after flooding season (Asada,
Matsumoto, and Rahman, 2005; Banerjee, 2010; Chau, Cassells, and Holland, 2014).
This points to two, conflicting pathways between local flooding and child health: local
flooding may be positively linked to food availability and food intake/diversity, while
also increasing the incidence of communicable diseases. This leaves a theoretically
ambiguous, causal relationship between local flooding and local child health.

We contribute to the literature on flooding and human welfare in three ways. First, we
are the first to examine the causal impact of flood exposure on child health by using a
satellite-based measure of flooding, rather than using rainfall or self-reported exposure
as a proxy for flooding, as commonly done.1 In this, we join Guiteras, Jina, and
Mobarak (2015), who show that rainfall and flood are two separate phenomenon, and
that self-reported flooding is also a weak proxy for true exposure, with measurement
error reliant on mean flood exposure. We also follow Chen et al. (2017), who use
satellite-based flooding measures to show that Bangladeshi households find it more
difficult to migrate following a high-intensity flood.

We are also the first to examine child health responses to almost two decades of
flooding, rather than restricting our attention to a single, massive flooding event. In
this we again follow Chen et al. (2017), though they examine migration responses rather
than health responses. During the period we examine, Pakistan experienced a year with
very serious flooding (2013), years with substantial but more spatially heterogeneous
flooding (e.g. 2011), and years with very little flooding (e.g. 2017). We estimate the
causal impact of flooding by focusing on the deviation of flooding incidence from its
long-term mean in any given area, identifying on variation in flooding intensity over
both space and time. This strategy makes our estimates less susceptible to geographic
endogeneity, and also more representative of a “typical” response to flooding.

Our third contribution is to focus on the mechanisms that link flooding incidence and
child health, through both the communicable disease pathway and the agricultural

1See, for instance, Mueller, Gray, and Kosec (2014); Karim (2018); Kosec and Mo (2017); Maystadt,
Mueller, and Sebastian (2016); Riley (2018); Rosales-Rueda (2018) and Del Ninno and Lundberg (2005).
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pathway. Our results indicate that a large flood (such as 2010 flood in Pakistan)
increases incidence of diarrhea and fever by 61 and 51 percent, respectively, in the
highly impacted districts. These effects are large and meaningful. For instance,
back-of-the-envelope calculations suggest that this rise in disease incidence more than
offsets the advantage of being born to a highly educated mother. Children in
poor-sanitation, lower-wealth settings are most vulnerable to flood-driven disease.
However, while monsoon floods increase subsequent disease incidence, they also increase
subsequent meal frequency and dietary diversity, presumably through increased
flood-based agricultural production. (In line with that mechanism, very high levels of
unexpected flooding negatively impact dietary quality.) Given the conflicting impact of
flooding on disease incidence and food consumption, it is unsurprising that on average,
we find no significant impact of flooding on child health (weight for height z-score).

A weakness of our data/analysis is that we do not observe the precise location of
households in either of the two survey datasets. That is, in neither dataset do we
observe cluster-level or household-level GPS coordinates; we can locate households only
within districts. It is therefore necessary to examine the impact of district-average
flooding exposure, rather than flooding incidence directly at the location of residence.
This likely complicates analysis due to the spatial autocorrelation of flooding within
districts; by averaging seasonal flooding shocks across grid cells at the district level, we
are more likely to pick up both the positive agricultural effects of minimal flooding or
nearby flooding as well as the negative effects of excessive, local flooding. We tackle this
econometric challenge through-out the paper.

A notable strength of our analysis is that we estimate all results across two similar
datasets, the (nationally representative) DHS and the (regionally representative) MICS.
Comparing/contrasting effects across the two datasets provides a rigorous robustness
check of external validity, given that the data were gathered not only in different time
periods and in slightly different geographic areas, but also by different teams of
enumerators, with different questionnaires and survey manuals, etc. Our results largely
agree across the two datasets. Where they do not agree, we can infer that the result is
not externally valid outside of the samples. Having said that, in general we place
greater trust in results from MICS, due to its considerably larger sample size.

This paper proceeds as follows. In section 2 we discuss the channels that mediate the
effect of flooding on child health, touching upon epidemiological literature and a cross-
disciplinary literature on agricultural outcomes. In section 3 we describe the data used
in this study. In section 4 we provide our identification strategy. Section 5 presents
results, and section 6 concludes the paper.

2 Mechanisms linking floods and child health

Although the most obvious cause of flood-driven morbidity or mortality is physical
trauma (e.g., injuries from falling debris), such events are relatively rare (Alderman,
Turner, and Tong, 2012). We hypothesize that floods have a more widespread, insidious
impact on the health of young children, and that this impact works through two
channels. First, flooding can disrupt sanitation and health infrastructure, increasing
disease incidence and so negatively impacting the health of vulnerable populations.
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This disease effect may be seen even after the peak flood season is long over. Second,
floods can impact food production and food availability, either positively or negatively
depending on flooding severity, impacting calorie intake or dietary quality/diversity.

Floods open easy pathways for fecal-oral transmission. As flood water inundate an area,
human and animal fecal waste gets mixed with water, thus contaminating all the open
sources of drinking water (Chanda Shimi et al., 2010). This is especially prevalent in
areas where surface water or ground water at shallow depths is used for drinking
purposes, and where toilets which do not flush to drain are used. In Pakistan and many
other developing countries, flush to drain toilet system is rare, especially in rural areas.
Instead, people rely more on manually cleaned septic tanks, pit latrines, or in worst case
hanging toilets which throws off waste directly into water bodies (Mansuri et al., 2018).

By facilitating ease of fecal oral transmission, floods increase incidence of
gastrointestinal diseases, for which the major clinical symptom is diarrhea. Other
infections that are transmitted post flood through contaminated water include cholera,
leptospirosis (a key epidemic-prone infection caused in areas populated with rodents),
poliomyelitis, rotavirus, typhoid, and more importantly, hepatitis E, which has been
shown to be particularly detrimental for pregnant women, increasing risk of infant
mortality (Aggarwal and Krawczynski, 2000; Ahern et al., 2005; Alderman, Turner, and
Tong, 2012). Recent research suggests that a chronic sub clinical gut disease,
environmental enteric dysfunction (EED), which rapidly spreads through fecal
contaminated water and soil, is more severe in its impact on child growth than diarrhea
(Mbuya and Humphrey, 2016). EED works by attacking intestinal villi, thus reducing
the surface area available for absorption of important nutrients. Secondly, it makes the
gut leaky, which activates the immune system, shifting scarce nutrient resources from
aiding growth to fighting infections (Mbuya and Humphrey, 2016).

The epidemiological linkages are supported by empirical evidence showing a robust
association between contaminated water and child health. In Indonesia, use of
up-stream river for bathing and sanitation purposes leads to increase in diarrhea related
deaths in villages located down-stream (Garg et al., 2018). Similarly, access to clean
water has been shown to reverse such effects. Provision of piped water leads to a
reduction in infant mortality in Brazil (Gamper-Rabindran, Khan, and Timmins, 2010)
and a fall in diarrhea prevalence in India (Ravallion and Jalan, 1999).

Apart from fecal oral route, there are other disease facilitating pathways which are
activated after flood. For instance, direct contact with polluted water can increase the
risk of wound infections, skin lessions, and throat infections. Furthermore, vector borne
diseases such as malaria and dengue can spread through mosquitoes breeding on
standing water or animals corpses (Watson, Gayer, and Connolly, 2007).

In rice-growing areas, the impact of “flooding” on agricultural outcomes depends on the
severity of the flood, since rice fields are flooded by design during most of the
rice-growing season. It is therefore unsurprising that literature on flooding and
agricultural production in rice-growing areas present mixed results. Extreme floods
have been noted to decrease rice production during the wet monsoon season in
Bangladesh (Asada, Matsumoto, and Rahman, 2005; Banerjee, 2010) and in Vietnam
(Chau, Cassells, and Holland, 2014). A similar negative impact on sugarcane
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production was observed in the US (Gilbert et al., 2008).

Interestingly, even floods that harm rice production during the monsoon season may
have a positive impact on crops grown in subsequent dry seasons. Both Asada,
Matsumoto, and Rahman (2005) and Banerjee (2010) found that large-scale floods in
Bangladesh improved yields for boro rice grown in the post-monsoon dry season. They
hypothesize that large-scale floods boost soil fertility in the dry season by depositing
silt, providing nitrogen fixing blue-green algae which enrich the soil with nitrogen,
decomposing submerged plant matter, and increasing ground water table (Brammer,
1990; Roger and Reynaud, 1982). A study comparing soil samples before and after
floods in Brahmaputra and Barak river floodplains in India found a significant increase
in nitrogen, phosphorus, and potassium concentration as well as the organic matter of
the soil (Sharma, 2002). Because of these periodic, positive shocks to soil fertility,
flood-prone areas may have particularly high agricultural productivity (Banerjee, 2010).

Unlike extreme floods, “normal” flooding is beneficial for rice grown during the flood
season (Banerjee, 2010). Numerous studies have pointed out that water scarcity is
devastating to yields. A one percent increase in drought affected area has been found to
reduce rice production by approximately 1400 kg per farm household in Bangladesh
(Mottaleb et al., 2015).2 Using almost 60 years of country-level panel data of top 10
food producing countries, Leng and Hall (2019) found that during drought conditions
(Standard Precipitation Index < -0.8), crop yield reduces by 25%. Drought slows down
the process of photosynthesis by closing stomata and reducing carbon dioxide-oxygen
ratio in the leaf, reduces the dry weight accumulation of plant and the concentration of
chlorophyll, and inhibits the growth of food storage organs (Korres et al., 2017; Blum,
2005; McDonald et al., 2003; Griffin, Ranney, and Pharr, 2004; Wassmann et al., 2009).

3 Data

3.1 Flooding data

Pakistan’s river system, originating from the Himalayas in the north, comprises of five
main rivers, namely Jhelum, Chenab, Ravi, Sultej and Indus (Figure 1). The longest
one, Indus, has a total length of 3,180 kilometers. It stretches from north to south,
passing through three out of four provinces of Pakistan - Punjab, Sindh, and Khyber
Pakhtunkhwa. During the monsoon months of July to September, heavy rain in the
north and melting of glaciers in the Himalayas swell Indus and its tributaries. Although
Indus flooding does not cause serious problems for the populations living on the flood
plain every year, the frequency and intensity of flooding has increased over the past two
decades. In 2010, Pakistan experienced the largest flood in its history, with floodwaters
covering almost 20% of the country.

Satellite-based flood data is obtained from NASA’s Near Real Time (NRT) Global
Flood Mapping division for the years 2003 to 2017, at 250m spatial resolution. NRT
creates flood maps by using data from Moderate Resolution Imaging Spectroradiometer
(MODIS)’s Terra and Aqua satellites, which orbit the Earth daily in the morning and
afternoon respectively. These satellites acquire data in the form of spectral bands, which

2This study uses satellite-derived measure of drought, and household survey data on crop yield.
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can be used to estimate flooding incidence. As the Aqua satellite was not operational
before 2002, NRT provides data starting in 2003. However, we extend the data to 2001
and 2002 by following the methodology of Kwak, Park, and Fukami (2013) and utilizing
the spectral bands of the Terra satellite only.3 By extending the data, we can use more
observations to construct our long term flood mean, on which more below.

MODIS satellite flood data has its limitations. First, the spatial resolution of 250m is
only fine enough to capture areas of large scale flooding. Second, the flood detection
algorithm does not work well in hilly terrains or under excessive cloud shadow: terrain
shadow and cloud shadow are mistaken for flooding, leading to detection of “flooding”
in non-flooded areas. The problem caused by cloud shadow has largely been addressed
by averaging daily flood extent across 6 consecutive observations, and marking a pixel
as flooded only if it appears flooded for at least half of these observations. To address
the false positives caused by hilly terrain, we drop hilly, northern districts. These
districts are shaded in gray in Figure 3.

Our final flooding product provides daily flood extent for years 2001 to 2017 — a binary
indicator of daily flooding at pixel level. For both the NRT flood product and the
2-year extension product we constructed ourselves, any pixel overlapping with the
MODIS yearly water mask layer (MOD44W) was marked as not flooded, in order to
isolate flood water from permanent water bodies.4

From this daily flood extent data, we create a yearly measure of flooding realization,
which is the maximum flood extent for the flood season (July through September) of
each year. This measure, FR

ps, is a binary measure indicating flooding on pixel p during
any day of the flood season in a given year s.5 Then we compute pixel level deviations
of each year’s flood season extent from the long-run (2001-2017) average, Fp. This
provides a measure of “flood shock” Fps for pixel p in season s, as given in Equation 1.
Last, we define flooding at the district level, Fds, by averaging across pixels within
districts, also shown in Equation 1.

Fps = FR
ps − Fp; Fds =

∑
p∈d Fps

p
(1)

Figure 3 maps district-level flood extent shocks for all years in our sample. We drop
never flooded districts from our sample; these districts are shown in white.6

Theoretically, the value of our district-level flood shock variable, for any given year, can

3NRT marks a pixel as flooded if it satisfies the following criteria : (Band2+0.001)/(Band1+0.1) <
0.7 and Band1 < 0.2 and Band 7 < 0.07 (Policelli et al., 2017). Further details about NRT flood
product can be obtained from https://floodmap.modaps.eosdis.nasa.gov/proddesc.php. Kwak, Park,
and Fukami (2013), whose methodology is used to extent the flooding product to two more years (2001
and 2002) marks a pixel as flooded if Band 7 < 0.1 and Band1 + 0.1 > Band2 and Band3<0.2 and (1-
Band2-Band6)/(1-Band2+Band6)>=0.5. In these algorithms, bands refer to different spectral bands,
publicly available in the form of MODIS MOD09/MYD09 products. These algorithms produce virtually
identical flooding products; comparisons for overlapping years are available upon request.

4This water mask layer can be obtained via http://lpdaac.usgs.gov/products/mod44wv006/.
5Superscript R in FR

ps denotes realized or actual flooding in that year.
6We define a district as never flooded if the average flooded area across all years is less than 0.1%. Even
if we did not drop these districts from our dataset they would not contribute to our estimated flooding
impact; they contain no identifying variation in flooding.
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range from +1 to -1. A value close to +1 indicates that on average, a district
experienced far more flooding in that year than the norm. Similarly, a value close to -1
means that on average, a district experienced less flooding than usual in that year.
Values close to 0 indicates that the flooding coverage in the given year was, on average,
similar to historical flooding coverage.

Of course, district-level flood extent shocks might cover up heterogeneity within
districts: a value close to 0 might also indicate that half of the district experienced more
flooding coverage than usual, while half of the district experienced less flooding coverage
than usual. We therefore provide robustness check that characterize flooding differently,
by specifying the percent of the district that experienced above-average flooding.

Because we replicate all core analysis in two datasets (which cover close to the same
districts, but not the same years), it is important to know whether the identifying
variation in flooding shocks is similar across these two datasets. Figure 4 compares the
distribution of our flood shock variable in both our MICS and our DHS sample. The
distributions are roughly comparable; the bulk of the values fall between -0.05 and 0.05
in both datasets. The proportion of sample experiencing a positive flood shock is also
very similar; 22% in DHS and 21% in MICS. We do provide robustness checks that
estimate the impact of positive and negative flood extent shocks separately.

We also create variables for rainfall and temperature shocks in a manner similar to that
used for flooding, by using European Centre for Medium-Range Weather Forecasts
(ECMWF)’s precipitation and temperature data from 2001 to 2017. These shock
variables are constructed at district level and gives the deviation of each year’s rainfall
(in average mm/day) and temperature (in average ◦C) during the monsoon season from
its long term (2001-2017) mean. Given the spatial correlation between flooding shocks
and rainfall shocks (Guiteras, Jina, and Mobarak, 2015), controlling for rainfall shocks
is important when estimating the causal impact of flooding.

3.2 Child health data

We use three rounds of DHS data (2006-07, 2012-13, 2017-18) and seven rounds of
MICS data (Punjab province 2003-04, 2007-08, 2011, 2014, 2017-18 and Sindh province
2003 and 2014). Both the DHS and MICS datasets provide information on diarrhea,
fever, and weight-for-height z-score (WHZ) for children under 5 years of age. Incidence
of diarrhea and fever are reported for the 2-week period before the survey. WHZ is
calculated using the weight and height measurements taken during the survey. Because
questionnaires varied slightly between rounds in both surveys, some variables are
missing for certain survey-rounds. Incidence of diarrhea is collected in all rounds of
both surveys. MICS is missing incidence of fever in 2007-08 and 2011 (both Punjab
only), but DHS collected it in all rounds. Data on anthropometrics (required for WHZ)
is missing in the first DHS round, and is available in all rounds of MICS except 2003-04
(Punjab and Sindh). This means most observations of WHZ occur after 2010.

Information on child food consumption differed even more sharply between the two
surveys. DHS collects information on intake of different food varieties for children under
5, but meal frequency only for children under 2. MICS, on the other hand, reports meal
frequency for children under 5, but collects food intake information only for children
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under 3. Food intake information is necessary to create a measure of dietary diversity.
Therefore, to keep our findings representative of the same age group (children under 5)
in all analysis, we construct dietary diversity only in the DHS and we use meal
frequency only in MICS. Even so, meal frequency variable is missing in the 2003-04
(Punjab and Sindh) round of MICS, and food intake information is available in the
latter two rounds of DHS.

These two variables capture two correlated elements of dietary adequacy — quantity
and quality.7 Meal frequency reports the number of solid or semi-solid meals consumed
by the child during the past day, and ranges from 1 to an upper bound of 7, indicating
7 or more meals in the past day. Dietary diversity captures the diversity of food types
being consumed during the last day. We construct dietary diversity using the list of
food items consumed by the child in 24 hours prior to the survey. We group all food
items into eight categories, following WHO (2017), then count the number of food
categories consumed by each child.8,9 This is a well-accepted, validated measure of
dietary diversity and hence food quality (Darapheak et al., 2013; Hirvonen, 2016; WHO,
2017). Both meal frequency and dietary diversity are constructed for all children not
exclusively breastfeeding.

The MICS sample and the DHS sample represent comparable populations and
locations. MICS, being representative at the district level, has a larger sample size than
the DHS sample, which is representative at the province level. (Province is the first
order administrative division of Pakistan, and district the third.10) However, the MICS
sample is limited to two provinces (Punjab and Sindh) while the DHS covers all four
provinces of Pakistan; see Figure 2 for province and district boundaries. This may raise
suspicion that the samples are geographically distinct, but most of the two provinces
covered by DHS and not MICS are actually dropped due to hilly terrain (in the
north-west) or due to the fact that they never experience flooding (to the south-west).
Of the 80 districts in our DHS sample, all but 22 of those districts are also in the MICS
sample. Of those 22 districts, 8 are in Balochistan province to the south-west while 14
are in Khyber Pakhtunkwa province to the north-west.

Summary statistics of children in MICS and DHS samples (Tables 1) suggests that
despite this difference, the two samples are fairly comparable. However, both diarrhea
and fever were slightly more prevalent in the DHS sample (21 and 36%) than in the
MICS sample (15 and 24%). Average WHZ is lower for children in MICS sample (-0.7)
than the DHS sample (-0.4). On average, children eat 2.5 different food categories in the
DHS sample and eat solid or semi-solid food items 3 times a day in the MICS sample.

We examine the factors that cause DHS and MICS disease rates to differ by pooling the
two datasets, then regressing the 3 child health variables on survey month, survey year,
location fixed effects, and a dummy variable for dataset (Table 2). Once survey timing

7For children under two, these measures are correlated with a Pearson’s coefficient of 0.41 and 0.47 in
the DHS and MICS sample, respectively

8Eight categories : a) Grains, roots and tubers, b) Legumes and nuts, c) Dairy products (milk, yogurt,
cheese), d) Flesh foods (meat, fish, poultry and liver/organ meats), e) Eggs, f) Vitamin A rich fruits
and vegetables, g) Other fruits and vegetables, h) Breast milk.

9The value 0 does not necessarily indicate that the child did not consume any food item — it just means
that the item consumed cannot be placed in any one of the 8 categories listed.

10Country ⊃ Province ⊃ Division ⊃ District ⊃ Tehsil ⊃ Union council.
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and location are accounted for, differences in all the variables between the two datasets
are substantially minimized. For example, an overall difference of 6.8 percentage points
for diarrhea between the two datasets reduces to 1.5 percentage points once the three
fixed effects are controlled for. This exercise suggests that the children/families seen in
the two datasets are not as different as summary statistics might indicate. In particular,
the MICS survey rounds appear to have taken place in slightly lower-health years.

Table 1 also summarizes household, mother, and child controls for both the DHS and
MICS samples. Households in the DHS sample are slightly larger (by about 1 member)
and more likely to be urban (43% vs. 35%) than households in the MICS sample. Given
their location, it is not surprising that households in the DHS sample are 4 percentage
points more likely to have improved water sources, and 10 percentage points more likely
to have a toilet connected to the sewer. Maternal education levels are similar in both
samples, as is child age and child sex. Variables recording the location and type of birth
and a variable recording whether the child was wanted are available only in the DHS
data. A pre-constructed wealth index is available in the DHS and not in MICS; we use
number of rooms and building material of the dwelling as proxies for wealth in the
MICS data.

4 Identification strategy

We start by examining the impact of flood shocks on infectious disease incidence
(proxied by diarrhea and fever) and diet adequacy (dietary diversity and meal
frequency) for children under five. Because we expect the impact of flooding to vary
over time, we estimate the impact of district-level flood shocks, Fds, during flood season
(τ 0ids = 1), 1-3 months after flood season (τ 1−3ids = 1), and more than 3 months after flood
season (τ >3

ids = 1), categories that are mutually exclusive.11 Equation 2 demonstrates
this specification.

Yids = βo+β1Fdsτ
0
ids+β2Fdsτ

1−3
ids +β3Fdsτ

>3
ids +β4Xds+β5Zids+µd+λs+γps+εids (2)

Diarrhea, fever, dietary diversity, and meal frequency for child i living in district d and
surveyed during flood year s are given by Yids. Flood year s includes the flood season
(July-September) and the nine months after the flood season (October-June) but before
the start of the next one. We control for flood-season rainfall and temperature shocks in
Xds. Household-specific, mother-specific and child-specific controls are held in Zids.
These controls are listed, by section, in Table 1.12 District fixed effects µd and flood
year fixed effects λs are also included. Including µd cleanses the outcome variables of

11We choose these breaks endogenously. Results can be replicated with far less power by month.
12Household-specific: head gender, number of household members, urban vs. rural residence, access to

improved water, access to a sewer toilet, proportion of households in neighborhood (primary sampling
unit) having access to sewer toilet, household wealth index. Mother-specific: dummy variables for
mother’s education level (none, primary, secondary or higher), mother’s age, mother’s age squared.
Child-specific: child age, gender, place of delivery (home, government health center, private health
center, other), whether the child was born by c-section, whether mother wanted to get pregnant with
this child (at the time of of pregnancy, after delivery, not at all), month of birth dummies, year of birth
dummies. The following variables are not available in MICS, so these were not included as controls
when using MICS : wealth index, place of child’s delivery, whether the child was born by c-section,
and whether mother wanted to get pregnant with this child. In MICS, we used number of rooms in
the dwelling and the building material of the dwelling as a proxy for wealth index.
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time-invariant, district-specific influences such as politics, geography, or infrastructure.
Flood year fixed effects λs absorb any shock common to Pakistani children within the
same flood year. Furthermore, we control for time trends at the province level γps.

We next examine heterogeneity in the average treatment effect of flooding on disease
incidence (diarrhea, fever) and food consumption (dietary diversity, meal frequency).
Because the results of Equation 2 indicate that flooding has a positive and significant
impact on disease incidence after flood season, we limit these tests for diarrhea and
fever to period after flood season (i.e to observations with τ 0

ids 6= 1). Similarly, because
we found the greatest average impact of flooding on food consumption variables (meal
frequency and dietary diversity) three months after flooding season, we limit
heterogeneity analysis to that time period (i.e. to observations with τ >3

ids = 1). In both
cases, results based on any period excluding the flood season are quite similar.

We choose dimensions of heterogeneity according to mediators mentioned in previous
literature. We examine heterogeneity in the effect of flooding on disease incidence
according to access to piped water and prevalence of sewer toilets in the neighborhood.
This is because flooding often contaminates non-piped drinking water, and does so most
when sanitation is poor.13 We test if mother’s education level influence flood’s impact
on disease incidence. Mother’s education can play a key role in protecting a child from
diseases through better knowledge of handwashing and related hygienic practices (Scott,
Lawson, and Curtis, 2007; Asekun-Olarinmoye Esther et al., 2014). Furthermore, we
examine whether family wealth acts as a buffer against the negative effects of flood
shocks — using wealth index in the DHS data. We also examine heterogeneity in the
effect of flooding on food consumption according to family wealth. This is because
flooding may impact diet through its impact on agricultural income and/or food prices;
the food demand of wealthier families will generally be less income elastic and less price
elastic.

Next, we examine non-linearities in the impact of flooding on all disease incidence and
food consumption variables. When testing for non-linearities, we separate the flood
shock variables into two symmetric variables, indicating positive and negative shocks.
This is because we expect non-linearities to differ based on the direction of flood shock.
As with the heterogeneity analysis, we limit this analysis to the periods after flood
season (τ 0

ids 6= 1) for diarrhea and fever, and to three months after flooding season (
τ >3
ids = 1) for dietary diversity and meal frequency.

We then briefly examine the non-causal associations between child WHZ, disease
incidence, and food consumption. This is simply to assure ourselves that indeed, disease
incidence is negatively associated with child WHZ, and food consumption is positively
associated. Equation 3 estimates these associations; WHZ is given by Wids, diarrhea by
DIi, fever by FEi, dietary diversity by DDi, and meal frequency by MFi.

Wids = βo+β1DIi+β2FEi+β3DDi+β4MFi+β5Xds+β6Zids+µd+λs+γps+εids (3)

Last, we estimate Equation 4 to examine the impact of flooding on child WHZ.14 As
with disease incidence and food consumption, we then examine heterogeneity in the

13Neighborhood sanitation is more generally a strong predictor of health (Geruso and Spears, 2018).
14Equation 4 is same as Equation 2, except with child WHZ as the outcome variable.
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average treatment effect of flooding on WHZ (according to access to piped water,
neighborhood sewer toilets, mother’s education, and household wealth index), and
examine non-linearities in the marginal effect of flooding on WHZ. For these exercises
we limit our sample to τ 0ids 6= 1 because any impact we find is limited to that period.

Wids = βo+β1Fdsτ
0
ids+β2Fdsτ

1−3
ids +β3Fdsτ

>3
ids +β4Xds+β5Zids+µd+λs+γps+εids (4)

5 Results

Figure 5 and Table 3 present the results of Equation 2 for diarrhea, fever, dietary
diversity, and meal frequency.15 These results suggest that flooding increases incidence
of diarrhea and fever but also increase dietary diversity and meal frequency — in all
cases four months or more after the flood season is over. The results from the two
datasets support one another, though confidence intervals are generally larger in the
smaller DHS dataset. Incidence of (4 or more months lagged) diarrhea rises significantly
with flooding, in both datasets. Incidence of fever rises during that same time period
too, though the effect is only marginally significant in the MICS data and is
insignificant in the DHS data. With that same time lag again, flooding significantly
increases both dietary diversity and meal frequency.

These 4-month lag flooding impacts are robust to quite a number of specifications, and
the effects sizes are large. All coefficients in Table 3 report the effect of a 1 unit increase
in flood shock. Yet the 10th and 90th percentiles of flood shock in the year 2010 (the
largest flooding event in Pakistan’s recent history) were -0.01 and +0.17 respectively.
The MICS results in Table 3 imply that flooding in these hardest-hit 2010 districts
would have driven an 8.8 and 12.2 percentage point increase in diarrhea and fever,
respectively, four months after the flooding season ended. Children in these districts
would have also consumed 1 more meal a day and 0.9 more food categories a day, four
months after the flooding season ended, than they would have under non-flooded
conditions.16 These effects represent a 61 and 51 percent increase in the average
prevalence of diarrhea and fever, a 35 percent increase in meals consumed per day, and
a 36 percent increase in food categories per day.17

For context, we can compare these effect sizes to the impact of maternal education, a
primary and highly studied predictor of child health (Currie and Moretti, 2003; Currie,
2009; Bevis and Villa, 2020). Children of highly educated mothers are 3.7 percentage
points less likely to have diarrhea, are 3.5 percentage points less likely to have fever, eat
0.06 more meals per day, and eat 0.21 more food categories per day more than kids with
uneducated mothers in the MICS sample (Tables A1 and A2). These differences
represent a 26 and 15 percent reduction in the prevalence of diarrhea and fever,
respectively, 2 percent increase in number of meals per day, and an 8.5 percent increase
in number of food categories per day. Comparing these effect sizes suggests that a large
flooding event more than wipes out the protective effect of having a highly educated

15There were no DHS rounds which had dietary diversity variable recorded during the flood season
(τ0 = 1), so the only effect we can estimate is during the post flood season. Furthermore, TableA1-A2
present the full results with all the coefficients on control variables reported (except for district and
year fixed effects, and child’s month and year of birth dummies).

16These figures are simply 17 percent of the τ>3× Flood coefficients in Table 3.
17This is according to the sample means in Table 1.
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mother, when it comes to disease incidence 4 or more months later. The effect of
flooding on meal frequency or dietary diversity is also far, far greater than the
association between maternal education and meal frequency or dietary diversity

Figures 6-7 and Tables 4-5 display heterogeneity in the marginal effects of flooding on
disease incidence, in the post-flood period only. The results suggest only moderate
heterogeneity — the interactions themselves are often insignificant — but highlight the
fact that poor, low-sanitation families are most at risk for increased disease incidence in
the months after flooding. Flooding significantly increases incidence of diarrhea and
fever for families without piped water.18 Families with piped water experience no
significant impact. Similarly, flooding significantly increases incidence of diarrhea and
fever for families in the lowest-sanitation communities with very few toilets. These
effects are more heterogeneous in high-sanitation communities. Flooding significantly
increases incidence of diarrhea and fever for children of mothers with no education. The
effect are more heterogeneous (and weaker in the MICS sample) for children with more
educated mothers. Flooding significantly impacts incidence of fever for only the very
poorest families (DHS wealth quantile 1) and significantly impacts incidence of diarrhea
for only very poor or moderately poor families (DHS wealth quantiles 1 and 2).

Limiting our sample to period 3 months after flooding, we test heterogeneity in the
impact of flooding on dietary diversity and meal frequency (Figures A1-A2 and Table
A3). Interactions with asset index (in the DHS data) or mother’s education level
suggest that the impact of flood shocks on dietary quality is constant across wealth.
Interactions with landholdings or rural vs. urban locations (available upon request)
similarly show no heterogeneity.

Figure A3 and Table A4 illustrate largely insignificant non-linearities in the impact of
flooding on disease incidence and diets. The only compelling result regards the impact
of flooding shocks on food consumption. Positive flooding shocks (more flooding than
normal) have a positive impact on meal frequency as seen in primary results — but only
for low flooding levels. When flooding is far more extensive than normal, it actually has
a negative effect on meal frequency. A similar pattern is seen for dietary diversity.

Tables 6 and 7 present estimates from Equation 3, examining the association between
WHZ (the outcome variable) and disease and food consumption (predictive variables) in
the DHS and MICS data, respectively. Diarrhea and fever are strongly, negatively
associated with WHZ in both datasets. Dietary diversity has no significant association
with WHZ, while meal frequency is positively associated with WHZ.

After establishing the relationship between the mediating variables (disease and food
consumption) and WHZ, we examine the direct impact of flooding on weight-for-height
z-scores by estimating Equation 4. Flooding has a negative but statistically insignificant
impact on WHZ in the period four months or more after flood season (“Baseline model”
in Figure 8, columns 1 and 4 in Table 8). This insignificant impact could be due to the
conflicting effects of flooding on disease incidence and food consumption.

To examine the possible role that these two mechanisms may play in mediating the
effect of flooding on WHZ, we control for food consumption and then disease incidence

18Only in the DHS is the effect insignificant for fever (Column 5 of Table 4).
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in Equation 4. If food consumption mediates the impact of flooding on WHZ, we might
expect to see the coefficient on τ>3× Flood (now loosely representing the effect through
non-food pathways) decrease after controlling for meal frequency or dietary diversity.
Conversely, if disease incidence mediates the impact of flooding on WHZ, we might
expect to see the coefficient on τ>3× Flood (now loosely representing the effect through
non-disease pathways) increase after controlling for incidence of diarrhea and fever.

We do observe precisely these patterns in the coefficients on 4 month or more lagged
flooding in Figure 8 and Table 8. However, coefficient movements are fairly minor. Only
in the MICS dataset do we see a substantial increase in the coefficient on τ>3× Flood
after controlling for disease incidence. All in all, these results weakly support, or at
least do not reject, the hypothesis that disease incidence and dietary adequacy mediate
the effect of flooding on child health. However, it must be noted that this is an
imperfect test; flooding shocks is no longer causal, after introducing correlated,
endogenous mediating variables (Acharya, Blackwell, and Sen, 2016; Angrist and
Pischke, 2008). Sequential g-estimation cannot solve this problem, as long as variables
relevant to disease incidence and food consumption remain unobserved — a problem
inherent to all non-IV mediation analysis (Huber, 2019).

Last, we test for heterogeneity in the impact of flooding on WHZ, again according to
access to piped water, neighborhood sanitation, mother’s education, and wealth. We do
not find any statistically significant results in the heterogeneity analysis (Figure A4 and
Table A5). The effects of flooding on WHZ are also linear (Figure A5 and Table A6).

We perform two sets of robustness checks on our results regarding the impact of
flooding on disease incidence and food consumption (Equation 2). We check for
symmetry of positive and negative flooding shocks by separating the flood shock
variable into positive and (absolute value) negative shock variables.19 The results,
presented in Table A7, are largely insignificant. T-tests of equality between coefficients
on positive and negative shocks provide a test of symmetry; corresponding p-values are
listed at the bottom of the Table. In general, we cannot reject the hypothesis of
symmetry between positive and negative shocks. The only exception is for incidence of
diarrhea, which increases with very low flood and very high flood situations.

In our second set of robustness check, we calculate the proportion of positive flood
shock values for each district, rather than averaging both positive and negative flood
shock values. This is because a single district might experience both positive and
negative flooding shocks in different areas. Results, presented in Table A8 are again less
significant but are aligned with our main results. As the proportion of positive flood
shock values increases within a district, we notice an increase in diarrhea, fever, and
dietary diversity.

6 Conclusion

We explore the causal impact of floods on child health outcomes in Pakistan, a
developing country in South Asia which is at the forefront of climatic disasters. By using

19We also controlled for a binary variable indicating direction of flooding shock, but its coefficient is not
reported in the table.
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two different household datasets (MICS and DHS), together with satellite flood data,
we find that flood shocks (more flooding than normal for a given location) are causally
linked with an increase in diarrhea, fever, dietary diversity, and meal frequency after the
flood season is over. We find negative but statistically insignificant impact of flooding
on child height, as proxied by weight-for-height z-core. This insignificant effect may be
due the the fact that flooding increase disease incidence (negatively associated with
child health) but increases dietary adequacy (positively associated with child health).

We find some evidence that good neighborhood sanitation and access to piped water
can mitigate the impact of floods on disease incidence. This heterogeneity is not very
strong, however. This suggests that flooding may disrupt well-functioning piped water
and sewer toilet systems, thus making these otherwise adequate protection measures
ineffective during floods. Our results also indicate that children born to uneducated
mothers and lower-wealth families are at most risk of developing diseases after a flood.

The results presented in this paper should be interpreted in the light of two underlying
facts. First, the exact location of the households being surveyed was not known, which
compelled us to rely on district-level mean flood shocks, ignoring any heterogeneity in
the flood level within district. Though we partially address this problem by providing
robustness check which uses alternate flooding measure other than district-level means,
the significance of this drawback remains; the average area of a district in Punjab
province is more than 2200 square miles, and results might differ if we knew where each
individual fell within their district. Secondly, there is variation in the sample size
available for estimating the effect of flooding on different outcome variables. For
example, while the diarrhea variable was available in all the rounds of two datasets,
dietary diversity was available in less than half of the the rounds. This makes
comparisons of coefficients on different outcome variables less than ideal.

We find that morbidity effects are concentrated in the period starting 3 months after
the end of flood season. This lag in disease incidence is in line with studies from
Bangladesh (Hashizume et al., 2008) and from Botswana (Alexander, Heaney, and
Shaman, 2018). This lag makes sense; as contaminant-laden flood water recedes and
evaporates, it brings sediment and fecal material back into the river, increasing the
concentration of pathogens and suspended solids in the water (Alexander, Heaney, and
Shaman, 2018). The pathogen concentrated water, when consumed by humans, leads to
spike in diseases. Additionally, after flood water recedes, surface water resources shrink
in flood plains, leading to more wildlife and livestock gathering at the river edge, often
again increasing fecal material in the river. This ‘concentration effect’ has been found to
increase diarrhea incidence in Chobe river floodplain in Botswanna during dry periods;
receding flood water was positively associated with suspended solids in the water, which
in turn led to increased diarrhea incidence (Alexander, Heaney, and Shaman, 2018).
Furthermore, vegetation destroyed during flood season can take time to decay and
decompose, polluting the surroundings way after the peak flood season.

While that time lag in the impact on diarrheal disease might help for temporal
targeting of vulnerable populations, our other results point to the difficulty of
geographic targeting. While disease incidence seems to rise after floodwater recede, food
consumption (as measured by dietary diversity and meal frequency) is also higher in
areas that experienced positive flooding shocks. This is likely explained by the fact that
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“negative” flooding is positively spatially correlated with agriculturally “positive”
flooding. This means that children in highly-flooded districts might be worse off (if
disease incidence is the primary mediating factor) or better off (if nearby yields and
local food availability are the primary mediating factor). More work, ideally with
household-level geospatial data, is necessary to isolate the specific spatial extents of
flooding impacts on disease incidence, yields and food availability, and ultimate health
in vulnerable populations. Despite these limitations, this paper stands out by
disentangling seemingly conflicting pathways affecting child well-being and that too by
using long enough time period for the analysis.
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Figures

Figure (1) Pakistan’s River System

Map Credit :
http://www.wildlifeofpakistan.com/IntroductiontoPakistan/riversofPakistan.htm

Figure (2) Pakistan’s Province Boundaries

Note: Sub-regions shown within provinces are districts. This map does not show Jammu and
Kashmir disputed territory.
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Figure (3) District Level Flood Extent Maps (Deviation from Mean)
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Figure (4) Distribution of Flood Shock

Figure (5) Marginal Effect of Flood by Months from Flood Season

(a) Diarrhea (b) Fever

(c) Dietary diversity (d) Meal frequency

Point estimates given in Table 3 with specifications described below.
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Figure (6) Heterogeneity Analysis for Diarrhea (τ 0ids 6= 1)

(a) By piped water (b) By neighborhood sanitation

(c) By mother’s education (d) By wealth index quintile

Point estimates given in Tables 4-5, with specifications described below.

Figure (7) Heterogeneity Analysis for Fever (τ 0ids 6= 1)

(a) By piped water (b) By neighborhood sanitation

(c) By mother’s education (d) By wealth index quintile

Point estimates given in Tables 4-5, with specifications described below.
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Figure (8) Marginal Effect of Flood on WHZ (by Months from Flood Season)

(a) DHS (b) MICS

Point estimates given in Table 8, with specifications described below.

Note : There were no DHS rounds which had WHZ variable recorded during the flood season (τ0 = 1),

so the only effect estimated is during the post flood season.
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Tables

Table (1) Summary Statistics - Part 1

DHS MICS

Child’s health outcomes
Diarrhea (binary) 0.213 0.145

(0.00281) (0.000697)
Fever (binary) 0.360 0.242

(0.00329) (0.00123)
Weight-for-height z-score (#) -0.388 -0.708

(0.0188) (0.00289)
Dietary diversity (#) 2.513

(0.0190)
Meal frequency (#) 3.016

(0.00458)
Flood and weather shocks
Flood shock (#) -0.00122 -0.00604

(0.000275) (0.0000403)
Pos. flood shock (#) 0.00798 0.00358

(0.000232) (0.0000258)
Neg. flood shock (absolute value) (#) 0.00920 0.00962

(0.000123) (0.0000262)
Pos. flood proportion (%) 0.0249 0.0215

(0.000370) (0.0000666)
Rainfall shock (mm/day) 0.418 0.228

(0.00639) (0.00169)
Temperature shock (◦C) 0.00915 -0.281

(0.00335) (0.00131)
Household controls
Male headed household (binary) 0.919 0.950

(0.00188) (0.000432)
Number of household members (#) 9.354 8.347

(0.0331) (0.00808)
Urban (binary) 0.426 0.346

(0.00339) (0.000943)
Piped water (binary) 0.341 0.296

(0.00325) (0.000905)
Sewer toilet (proportion in PSU) (%) 0.304 0.205

(0.00245) (0.000627)
Sewer toilet in household (binary) 0.304 0.205

(0.00315) (0.000800)
Wealth index - Poorest (binary) 0.208

(0.00278)
Wealth index - Poorer (binary) 0.178

(0.00262)
Wealth index - Middle (binary) 0.190

(0.00269)
Wealth index - Richer (binary) 0.204

(0.00276)
Wealth index - Richest (binary) 0.220

(0.00284)
Number of rooms in the dwelling (#) 2.183

(0.00267)
Finished building material of dwelling (binary) 0.603

(0.000971)

Observations 21289 254534

This table continues on next page.
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Summary Statistics - Part 2

DHS MICS

Maternal controls
Mother uneducated (binary) 0.539 0.544

(0.00342) (0.000989)
Mother primary educated (binary) 0.156 0.166

(0.00249) (0.000739)
Mother secondary educated (binary) 0.188 0.205

(0.00268) (0.000801)
Mother higher educated (binary) 0.116 0.0851

(0.00220) (0.000554)
Mother’s age (in years) 29.16 30.06

(0.0416) (0.0132)
Child controls
Child’s age (in years) 2.002 2.016

(0.00974) (0.00281)
Year of birth (#) 2009.7 2007.9

(0.0320) (0.00937)
Month of birth (#) 6.870 6.639

(0.0233) (0.00708)
Male child (binary) 0.509 0.512

(0.00343) (0.000991)
Delivery at home (binary) 0.454

(0.00341)
Delivery at govt. health facility (binary) 0.182

(0.00264)
Delivery at private health facility (binary) 0.363

(0.00330)
Delivery at other places (binary) 0.000517

(0.000156)
Delivered through c-section (binary) 0.156

(0.00249)
Child wanted at the time of pregnancy (binary) 0.826

(0.00260)
Child wanted later (binary) 0.0936

(0.00200)
Child not wanted (binary) 0.0807

(0.00187)
Months from flood season
Flood season τ0 (binary) 0.0459 0.264

(0.00143) (0.000873)
1-3 months after flood season τ1−3 (binary) 0.587 0.264

(0.00337) (0.000874)
More than 3 months after flood season τ>3 (binary) 0.367 0.472

(0.00330) (0.000990)

Observations 21289 254534

Sample size consists of observations for which diarrhea variable is valid.
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Table (2) Variation in Outcome Variables across Datasets

(1) (2) (3) (4) (5) (6)
Diarrhea Diarrhea Diarrhea Diarrhea Diarrhea Diarrhea

MICS -0.0683∗∗∗ -0.0300∗∗∗ -0.0745∗∗∗ -0.0481∗∗∗ -0.0151∗∗∗ -0.0141∗∗∗

(0.00254) (0.00444) (0.00265) (0.00301) (0.00505) (0.00529)

Observations 275823 275823 275823 275823 275823 271279
R2 0.003 0.020 0.015 0.018 0.039 0.039

(1) (2) (3) (4) (5) (6)
Fever Fever Fever Fever Fever Fever

MICS -0.116∗∗∗ -0.0857∗∗∗ -0.138∗∗∗ -0.108∗∗∗ -0.0880∗∗∗ -0.0850∗∗∗

(0.00325) (0.00591) (0.00337) (0.00376) (0.00660) (0.00699)

Observations 143633 143633 143633 143633 143633 139090
R2 0.009 0.025 0.029 0.026 0.056 0.055

(1) (2) (3) (4) (5) (6)
WHZ WHZ WHZ WHZ WHZ WHZ

MICS -0.318∗∗∗ -0.185∗∗∗ -0.131∗∗∗ -0.339∗∗∗ -0.125∗∗∗ -0.148∗∗∗

(0.0187) (0.0269) (0.0193) (0.0226) (0.0325) (0.0337)

Observations 198551 198551 198551 198551 198551 197547
R2 0.00146 0.0402 0.0439 0.0148 0.0553 0.0545

Year fixed effects no yes no no yes yes
Month fixed effects no no yes no yes yes
District fixed effects no no no yes yes yes
Restricted geography no no no no no yes

Each row represent a different set of regression.
MICS represent dummy variable for MICS dataset.

Restricted geography restricts sample to districts which are common between DHS and MICS.
∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.1
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Table (3) Impact of Flood on Mediating Variables (Morbidity and Food Consumption).

Diarrhea Fever
Dietary
diversity

Meal
frequency

(1) (2) (3) (4) (5) (6)
DHS MICS DHS MICS DHS MICS

τ 0 × Flood -2.099∗∗ -0.359 -0.374 -0.675 -1.178
(-2.00) (-1.66) (-0.23) (-1.54) (-0.86)

τ 1−3 × Flood 0.137 0.306 0.0978 1.275∗∗ -0.993 -1.896
(1.31) (0.90) (0.61) (2.12) (-1.37) (-0.69)

τ>3 × Flood 1.099∗∗∗ 0.519∗∗ 0.663 0.722∗ 5.256∗∗ 6.168∗∗∗

(3.21) (2.57) (1.29) (1.73) (2.01) (2.89)

Observations 21232 236065 21223 113303 7400 95568
Avg. child age 2.00 1.97 2.00 1.98 1.83 1.68
R2 0.059 0.048 0.030 0.043 0.23 0.15
Adjusted R2 0.056 0.047 0.027 0.042 0.22 0.15

Outcomes: Diarrhea, fever, dietary diversity, meal frequency.

Controls in all specifications: Household (sex of head, number of members (log),

wealth index, urban/rural residence, access to piped water and sewer toilet,

time distance from flood season. Child (year and month of birth dummies, age, sex).

Maternal (age, age squared, education). Weather (rainfall, temperature).

Flood year and district fixed effects. Province level time trend.

Wealth index is proxied by number of rooms and building material

of the dwelling in MICS. Additional controls in DHS only:

Child (pregnancy wanted, place of delivery, c-section birth).

Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (4) Heterogeneous Impact of Flood on Diarrhea and Fever - DHS

(1) (2) (3) (4) (5) (6) (7) (8)
Diarrhea Diarrhea Diarrhea Diarrhea Fever Fever Fever Fever

Flood 0.336∗∗∗ 0.260∗∗∗ 0.276∗∗∗ 0.293∗∗ 0.252 0.273∗∗ 0.231∗ 0.389∗∗

(3.68) (3.21) (3.83) (2.22) (1.62) (2.01) (1.77) (2.60)
Piped water × Flood -0.403∗∗ -0.428∗∗

(-2.54) (-2.61)
Flood × Sewer toilet 0.241 -0.567

(0.45) (-1.00)
Mother pri. edu. × Flood -0.217 -0.0683

(-0.85) (-0.34)
Mother sec. edu. × Flood 0.464∗ 0.133

(1.70) (0.46)
Mother high. edu. × Flood 0.0843 -0.878∗

(0.26) (-1.93)
WI - Poorer × Flood 0.0989 -0.424∗

(0.36) (-1.93)
WI - Middle × Flood -0.0263 -0.310

(-0.09) (-1.46)
WI - Richer × Flood -0.524∗∗∗ -0.530∗

(-3.14) (-1.71)
WI - Richest × Flood 0.356 -0.149

(1.20) (-0.34)
Piped water (binary) -0.00335 -0.00232 -0.00246 -0.00223 -0.0149 -0.0135 -0.0134 -0.0134

(-0.37) (-0.25) (-0.27) (-0.25) (-1.39) (-1.22) (-1.22) (-1.22)
Sewer toilet (% in PSU) 0.0291 0.0299 0.0289 0.0290 -0.000360 -0.00243 0.0000582 -0.000760

(1.59) (1.64) (1.57) (1.60) (-0.01) (-0.07) (0.00) (-0.02)
WI - Poorer (binary) -0.00930 -0.0101 -0.00994 -0.00945 -0.00249 -0.00285 -0.00326 -0.00258

(-0.83) (-0.91) (-0.89) (-0.84) (-0.16) (-0.18) (-0.21) (-0.17)
WI - Middle (binary) -0.0218∗ -0.0228∗ -0.0222∗ -0.0222∗ -0.00203 -0.00233 -0.00303 -0.00153

(-1.67) (-1.74) (-1.71) (-1.70) (-0.12) (-0.14) (-0.19) (-0.10)
WI - Richer (binary) -0.0567∗∗∗ -0.0573∗∗∗ -0.0571∗∗∗ -0.0584∗∗∗ -0.00483 -0.00487 -0.00557 -0.00468

(-3.91) (-3.95) (-3.94) (-4.05) (-0.28) (-0.28) (-0.32) (-0.28)
WI - Richest (binary) -0.0943∗∗∗ -0.0945∗∗∗ -0.0941∗∗∗ -0.0924∗∗∗ -0.0217 -0.0214 -0.0221 -0.0196

(-4.57) (-4.57) (-4.55) (-4.43) (-1.03) (-1.01) (-1.04) (-0.92)
Mother pri. edu. (binary) 0.0237∗∗ 0.0238∗∗ 0.0228∗ 0.0232∗∗ 0.0325∗∗ 0.0327∗∗ 0.0326∗∗ 0.0321∗∗

(2.02) (2.04) (1.95) (1.99) (2.45) (2.47) (2.48) (2.41)
Mother sec. edu. (binary) 0.0241∗∗ 0.0243∗∗ 0.0270∗∗ 0.0238∗∗ 0.0205 0.0201 0.0218 0.0198

(2.11) (2.11) (2.37) (2.07) (1.17) (1.14) (1.21) (1.12)
Mother high. edu. (binary) -0.00153 -0.00153 -0.00137 -0.00171 -0.0204 -0.0209 -0.0246∗ -0.0212

(-0.10) (-0.10) (-0.09) (-0.12) (-1.36) (-1.39) (-1.69) (-1.42)

Observations 20260 20260 20260 20260 20251 20251 20251 20251
Avg. child age 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00
R2 0.055 0.055 0.055 0.056 0.029 0.029 0.029 0.029
Adjusted R2 0.052 0.052 0.052 0.052 0.026 0.026 0.026 0.026

Outcomes: Diarrhea and fever.
All columns represent sample for τ0 ids 6= 1
WI stands for Wealth Index. Omitted wealth quintile is “poorest” category.
Controls in all specifications: Child (age, sex, pregnancy wanted, place
of delivery, year and month of birth dummies, c-section birth). Household
(number of members (log), urban/rural residence, sex of head, wealth index,
access to piped water and sewer toilet, time distance from flood season).
Maternal (age, age squared, education). Weather (rainfall, temperature).
Flood year and district fixed effects. Province level time trend.
Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (5) Heterogeneous Impact of Flood on Diarrhea and Fever - MICS

(1) (2) (3) (4) (5) (6)
Diarrhea Diarrhea Diarrhea Fever Fever Fever

Flood 0.557∗∗ 0.605∗∗ 0.591∗∗ 0.930∗∗ 0.968∗∗ 0.917∗∗

(2.29) (2.28) (2.24) (2.25) (2.49) (2.15)

Piped water (binary) × Flood -0.0570 -0.431
(-0.24) (-1.57)

Flood × Sewer toilet (% in PSU) -0.288 -0.594∗

(-0.71) (-1.72)

Mother primary educated (binary) × Flood -0.0999 -0.0550
(-0.75) (-0.21)

Mother secondary educated (binary) × Flood -0.144 -0.343
(-0.77) (-1.13)

Mother higher educated (binary) × Flood -0.117 -0.228
(-0.43) (-0.53)

Piped water (binary) -0.000242 0.000325 0.000277 -0.0187∗∗∗ -0.0165∗∗∗ -0.0165∗∗∗

(-0.08) (0.10) (0.09) (-3.26) (-2.94) (-2.96)

Sewer toilet (% in PSU) 0.0237∗∗∗ 0.0213∗∗ 0.0235∗∗∗ 0.0151 0.0116 0.0148
(3.07) (2.36) (3.03) (1.02) (0.76) (0.99)

Mother primary educated (binary) -0.00323 -0.00323 -0.00395 0.0123∗∗ 0.0124∗∗ 0.0122∗∗

(-1.23) (-1.23) (-1.37) (2.58) (2.60) (2.48)

Mother secondary educated (binary) -0.0174∗∗∗ -0.0174∗∗∗ -0.0185∗∗∗ -0.00869 -0.00875 -0.0110
(-5.75) (-5.80) (-5.69) (-1.39) (-1.40) (-1.60)

Mother higher educated (binary) -0.0339∗∗∗ -0.0340∗∗∗ -0.0349∗∗∗ -0.0353∗∗∗ -0.0356∗∗∗ -0.0371∗∗∗

(-8.30) (-8.33) (-7.51) (-5.17) (-5.31) (-4.57)

Observations 170611 170611 170611 87949 87949 87949
Avg. child age 1.96 1.96 1.96 1.97 1.97 1.97
R2 0.050 0.050 0.050 0.048 0.048 0.048
Adjusted R2 0.050 0.050 0.050 0.047 0.047 0.047

Outcomes: Diarrhea and fever.
All columns represent sample for τ0 ids 6= 1
Controls in all specifications: Household(sex of head, number of members (log),
number of rooms in the dwelling, building material of the dwelling, urban/
rural residence, access to piped water and sewer toilet, time distance
from flood season. Child (year and month of birth dummies, age, sex).
Maternal (age, age squared, education). Weather (rainfall, temperature).
Flood year and district fixed effects. Province level time trend.
Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (6) Association between WHZ and Mediating Variables - DHS

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

Diarrhea (binary) -0.0910∗∗ 0.00186
(-2.15) (0.03)

Fever (binary) -0.158∗∗∗ -0.200∗∗∗

(-3.62) (-3.32)

Dietary diversity (#) -0.00634 -0.00201
(-0.34) (-0.11)

Observations 4738 4741 2401 2400
Avg. child age 2.03 2.03 1.80 1.80
R2 0.049 0.052 0.067 0.072
Adjusted R2 0.038 0.040 0.045 0.050

Outcome: Weight-for-Height z-score.
Controls in all specifications: Child (age, sex, pregnancy wanted,
place of delivery, year and month of birth dummies, c-section birth).
Household (number of members (log), urban/rural residence, sex of
head, wealth index, access to piped water and sewer toilet,
time distance from flood season). Maternal (age, age squared,
education). Weather (rainfall, temperature). Flood year and
district fixed effects. Province level time trend.
Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Table (7) Association between WHZ and Mediating Variables - MICS

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

Diarrhea (binary) -0.117∗∗∗ -0.0801∗∗∗

(-12.12) (-5.09)

Fever (binary) -0.130∗∗∗ -0.137∗∗∗

(-12.38) (-8.68)

Meal frequency (#) 0.0156∗∗∗ 0.0106∗∗

(3.10) (2.30)

Observations 190956 76458 91213 30137
Avg. child age 1.99 2.00 1.68 0.95
R2 0.053 0.069 0.044 0.068
Adjusted R2 0.053 0.068 0.043 0.067

Outcome: Weight-for-Height z-score
Controls in all specifications: Household(sex of head,
number of members (log), number of rooms in the dwelling,
building material of the dwelling, urban/rural residence,
access to piped water and sewer toilet, time distance from
flood season. Child (year and month of birth dummies, age, sex).
Maternal (age, age squared, education). Weather (rainfall,
temperature). Flood year and district fixed effects.
Province level time trend. Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (8) Impact of Flood on WHZ

DHS MICS

(1) (2) (3) (4) (5) (6)
WHZ WHZ WHZ WHZ WHZ WHZ

τ 0 × Flood 0.197 0.0311 0.137
(0.42) (0.05) (0.34)

τ 1−3 × Flood 0.437 2.691∗∗∗ 0.451 -1.872 -3.230 2.427
(0.46) (2.75) (0.50) (-1.04) (-1.65) (1.06)

τ>3 × Flood -2.918 -3.496 -2.861 -1.456 -1.824 0.0546
(-1.35) (-1.09) (-1.33) (-1.67) (-1.49) (0.06)

Dietary diversity (#) -0.00634
(-0.34)

Meal frequency (#) 0.0158∗∗∗

(3.14)

Diarrhea (binary) -0.0587 -0.0598∗∗∗

(-1.38) (-4.55)

Fever (binary) -0.147∗∗∗ -0.118∗∗∗

(-3.34) (-10.64)

Observations 4741 2401 4738 191796 91213 76402
Avg. child age 2.03 1.80 2.03 1.99 1.68 2.00
R2 0.049 0.069 0.052 0.052 0.044 0.069
Adjusted R2 0.037 0.047 0.040 0.052 0.044 0.068

Outcomes: Weight-for-Height z-score.

Controls in all specifications: Household (sex of head, number of members (log),

wealth index, urban/rural residence, access to piped water and sewer toilet,

time distance from flood season. Child (year and month of birth dummies, age, sex).

Maternal (age, age squared, education). Weather (rainfall, temperature).

Flood year and district fixed effects. Province level time trend.

Wealth index is proxied by number of rooms and building material

of the dwelling in MICS. Additional controls in DHS only:

Child (pregnancy wanted, place of delivery, c-section birth).

Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Appendix

Table (A1) Impact of flood on mediating variables and child health - DHS (reporting all coefficients) Part 1

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

Diarrhea Fever
Dietary
diversity WHZ

τ 0 × Flood -2.099∗∗ -0.374
(-2.00) (-0.23)

τ 1−3 × Flood 0.137 0.0978 -0.993 0.437
(1.31) (0.61) (-1.37) (0.46)

τ>3 × Flood 1.099∗∗∗ 0.663 5.256∗∗ -2.918
(3.21) (1.29) (2.01) (-1.35)

τ 1−3 -0.0787∗∗∗ -0.0150 0 0
(-3.29) (-0.50) (.) (.)

τ>3 -0.103∗∗∗ -0.0200 0.0485 0.0592
(-4.26) (-0.69) (0.53) (0.91)

Female headed household (binary) 0.00111 0.00332 -0.115∗ 0.107
(0.11) (0.25) (-1.74) (1.05)

Rural (binary) -0.00196 0.0106 0.0987∗ 0.0263
(-0.20) (0.66) (1.76) (0.49)

Wealth index - Poorer (binary) -0.00772 -0.00295 0.161∗∗ 0.0500
(-0.68) (-0.20) (2.05) (0.58)

Wealth index - Middle (binary) -0.0211∗ -0.00260 0.291∗∗∗ 0.125
(-1.67) (-0.17) (3.19) (1.55)

Wealth index - Richer (binary) -0.0574∗∗∗ -0.00318 0.421∗∗∗ 0.161∗

(-3.84) (-0.18) (4.41) (1.87)
Wealth index - Richest (binary) -0.0917∗∗∗ -0.0187 0.558∗∗∗ 0.323∗∗∗

(-4.45) (-0.90) (4.81) (2.75)
Number of HH members (log) -0.000907 -0.0181∗∗ -0.136∗∗∗ 0.000250

(-0.13) (-2.02) (-2.71) (0.01)
Mother’s age (in years) -0.00476 -0.00397 0.0295 -0.0454

(-1.08) (-0.84) (1.04) (-1.40)
Mother’s age x Mother’s age 0.0000476 0.0000634 -0.000285 0.000697

(0.68) (0.82) (-0.59) (1.41)
Mother primary educated (binary) 0.0263∗∗ 0.0325∗∗ -0.0291 0.0566

(2.26) (2.49) (-0.52) (0.83)
Mother secondary educated (binary) 0.0231∗∗ 0.0200 0.127∗ -0.0515

(2.03) (1.18) (1.89) (-0.71)
Mother higher educated (binary) -0.00471 -0.0214 0.214∗∗∗ 0.212∗∗∗

(-0.32) (-1.45) (2.73) (2.92)

Observations 21232 21223 7400 4741
Avg. child age 2.00 2.00 1.83 2.03
R2 0.059 0.030 0.23 0.049
Adjusted R2 0.056 0.027 0.22 0.037

This table continues on next page.
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Impact of flood on mediating variables and child health - DHS (reporting all coefficients) Part 2

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

Diarrhea Fever
Dietary
diversity WHZ

Sewer toilet in household (binary) -0.00499 0.0126 -0.0901 -0.0509
(-0.51) (0.91) (-1.12) (-0.94)

Sewer toilet (% in PSU) 0.0321∗ 0.00587 0.180 -0.0404
(1.78) (0.20) (1.49) (-0.42)

Piped water (binary) -0.00362 -0.0137 -0.0479 -0.0179
(-0.39) (-1.32) (-0.88) (-0.31)

Female child (binary) -0.0151∗∗∗ -0.0275∗∗∗ -0.0299 0.0379
(-3.35) (-4.13) (-0.81) (1.06)

Child age<2 (%) -0.0709∗∗∗ -0.0393 0.387∗∗∗ 0.0829
(-2.74) (-1.16) (3.56) (0.47)

Child age<3 (%) -0.189∗∗∗ -0.113∗∗ -1.369∗∗∗ 0.374
(-5.26) (-2.61) (-4.90) (1.39)

Child age<4 (%) -0.240∗∗∗ -0.0926∗ -1.125∗∗∗ 0.474
(-5.82) (-1.86) (-3.71) (1.35)

Child age<5 (%) -0.282∗∗∗ -0.112∗ -0.976∗∗∗ 0.755
(-5.47) (-1.67) (-2.67) (1.44)

Delivery at govt. health facility (binary) -0.0118 0.0130 0.00480 0.0438
(-1.22) (0.87) (0.10) (0.77)

Delivery at private health facility (binary) -0.00218 0.00968 0.0490 0.0767
(-0.27) (0.93) (1.09) (1.66)

Delivery at other places (binary) -0.0838 0.146 1.093∗∗∗ -0.909∗∗∗

(-0.64) (0.96) (3.16) (-5.48)
Delivered through c-section (binary) 0.0263∗∗ 0.00801 -0.0322 0.0652

(2.56) (0.70) (-0.62) (1.47)
Child wanted later (binary) 0.0568∗∗∗ 0.0524∗∗∗ 0.0438 -0.0651

(4.71) (3.81) (0.70) (-0.95)
Child not wanted (binary) 0.0758∗∗∗ 0.0771∗∗∗ -0.155 -0.0882

(5.68) (5.75) (-1.51) (-1.32)
Rainfall shock (mm/day) -0.00921 -0.0159 -0.145∗∗ 0.0767

(-0.55) (-0.89) (-2.08) (0.45)
Temperature shock (◦C) -0.0237 -0.00980 -0.0274 -0.120

(-0.96) (-0.33) (-0.22) (-0.76)

Observations 21232 21223 7400 4741
Avg. child age 2.00 2.00 1.83 2.03
R2 0.059 0.030 0.23 0.049
Adjusted R2 0.056 0.027 0.22 0.037

Outcomes: Diarrhea, fever, dietary diversity, and weight-for-height z-score.

Controls not shown in the table: Child’s year and month of birth dummies.

Flood year and district fixed effects.

Province level time trend. Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (A2) Impact of flood on mediating variables and child health - MICS (reporting all coefficients)

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

Diarrhea Fever
Meal

frequency WHZ

τ0 × Flood -0.359 -0.675 -1.178 0.197
(-1.66) (-1.54) (-0.86) (0.42)

τ1−3 × Flood 0.306 1.275∗∗ -1.896 -1.872
(0.90) (2.12) (-0.69) (-1.04)

τ>3 × Flood 0.519∗∗ 0.722∗ 6.168∗∗∗ -1.456
(2.57) (1.73) (2.89) (-1.67)

τ1−3 -0.0317∗∗∗ -0.00992 0.167∗∗∗ 0.107∗∗∗

(-4.59) (-0.50) (3.86) (3.32)
τ>3 -0.0592∗∗∗ -0.0122 0.271∗∗ 0.131∗∗∗

(-5.64) (-0.51) (2.16) (3.15)
Female headed household (binary) 0.00545 0.00241 0.0119 -0.00739

(1.25) (0.42) (0.61) (-0.45)
Rural (binary) -0.00117 0.0198∗∗∗ 0.0179 0.000590

(-0.35) (2.98) (0.53) (0.04)
Finished house (binary) 0.000546 0.00734 0.113∗∗∗ 0.000234

(0.19) (1.36) (4.78) (0.02)
2 rooms (binary) -0.0180∗∗∗ -0.0120∗∗∗ 0.0220 0.0618∗∗∗

(-7.73) (-2.81) (1.44) (7.35)
3 rooms (binary) -0.0247∗∗∗ -0.0135∗∗ 0.0215 0.104∗∗∗

(-8.38) (-2.58) (0.97) (7.52)
4 or more rooms (binary) -0.0355∗∗∗ -0.0230∗∗∗ 0.0505 0.164∗∗∗

(-10.01) (-3.70) (1.59) (7.48)
Number of HH members (log) 0.000268 -0.0210∗∗∗ -0.0147 -0.0580∗∗∗

(0.10) (-3.69) (-0.65) (-4.07)
Mother’s age (in years) -0.00339∗∗∗ -0.000208 0.00837∗∗ -0.00703∗∗∗

(-5.03) (-0.18) (2.20) (-4.01)
Mother’s age x Mother’s age 0.0000343∗∗∗ 0.0000156 -0.0000747 0.0000922∗∗∗

(3.67) (0.94) (-1.41) (3.59)
Mother primary educated (binary) -0.00429∗∗ 0.0136∗∗∗ -0.0200 0.0377∗∗∗

(-2.08) (3.19) (-1.32) (3.47)
Mother secondary educated (binary) -0.0203∗∗∗ -0.00860 -0.00522 0.0982∗∗∗

(-6.46) (-1.61) (-0.35) (9.48)
Mother higher educated (binary) -0.0373∗∗∗ -0.0351∗∗∗ 0.0616∗∗∗ 0.239∗∗∗

(-11.50) (-6.97) (2.85) (14.50)
Sewer toilet in household (binary) -0.0107∗ 0.00537 0.0515 0.0353∗∗

(-1.82) (0.63) (1.50) (2.17)
Sewer toilet (% in PSU) 0.0139∗ 0.00189 -0.00970 0.0240

(1.90) (0.11) (-0.21) (1.08)
Piped water (binary) 0.00109 -0.0161∗∗∗ -0.0600∗∗∗ -0.0137

(0.39) (-3.23) (-2.76) (-1.13)
Female child (binary) -0.00713∗∗∗ -0.0108∗∗∗ 0.0185∗ 0.0657∗∗∗

(-4.50) (-5.10) (1.97) (10.97)
Child age<2 (%) -0.00654 -0.0116 0.335∗∗∗ -0.0400∗∗

(-1.34) (-1.45) (13.16) (-2.17)
Child age<3 (%) -0.0567∗∗∗ -0.0533∗∗∗ 0.397∗∗∗ -0.0144

(-7.52) (-4.76) (9.64) (-0.49)
Child age<4 (%) -0.0977∗∗∗ -0.0858∗∗∗ 0.391∗∗∗ -0.0420

(-9.82) (-6.02) (5.75) (-1.01)
Child age<5 (%) -0.152∗∗∗ -0.133∗∗∗ 0.354∗∗∗ -0.166∗∗∗

(-11.26) (-7.28) (3.82) (-2.85)

Observations 236065 113303 95568 191796
Avg. child age 1.97 1.98 1.68 1.99
R2 0.048 0.043 0.15 0.052
Adjusted R2 0.047 0.042 0.15 0.052

Outcomes: Diarrhea, fever, meal frequency, and weight-for-height z-score.
Controls : Child’s year and month of birth dummies.
Flood year and district fixed effects.
Province level time trend. Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

3



Figure (A1) Heterogeneity Analysis for Dietary Diversity (τ>3
ids = 1)

(a) By wealth index quintile (b) By mother’s education

Point estimates given in Table A3 with specifications described below.

Figure (A2) Heterogeneity Analysis for Meal Frequency (τ>3
ids = 1)

(a) By mother’s education

Point estimates given in Table A3 with specifications described below.
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Table (A3) Heterogeneous Impact of Flood on Dietary Diversity and Meal Frequency

Dietary
diversity

Meal
frequency

(1) (2) (3)
DHS DHS MICS

Flood -0.442 -2.482 9.411
(-0.08) (-0.58) (1.38)

Mother primary educated (binary) × Flood 3.357 1.867∗

(0.57) (1.92)

Mother secondary educated (binary) × Flood 0.597 -1.004
(0.10) (-1.08)

Mother higher educated (binary) × Flood 3.506 1.540
(0.64) (1.05)

Wealth index - Poorer (binary) × Flood 6.427
(0.98)

Wealth index - Middle (binary) × Flood 12.82∗∗

(2.53)

Wealth index - Richer (binary) × Flood 13.07∗∗

(2.49)

Wealth index - Richest (binary) × Flood 4.160
(0.62)

Wealth index - Poorer (binary) -0.0946 -0.0327
(-0.65) (-0.18)

Wealth index - Middle (binary) 0.0488 0.160
(0.30) (0.87)

Wealth index - Richer (binary) 0.175 0.271
(0.85) (1.31)

Wealth index - Richest (binary) 0.116 0.149
(0.53) (0.64)

Mother primary educated (binary) 0.0182 -0.00396 0.0386
(0.14) (-0.04) (1.48)

Mother secondary educated (binary) 0.171 0.175 0.119∗∗∗

(1.35) (1.58) (4.20)

Mother higher educated (binary) 0.377∗∗∗ 0.360∗∗∗ 0.245∗∗∗

(2.90) (2.88) (5.88)

Observations 2938 2938 32996
Avg. child age 1.82 1.82 0.78
R2 0.25 0.25 0.10
Adjusted R2 0.24 0.24 0.10

Outcomes: Dietary diversity and meal frequency.
Omitted wealth quintile is “poorest” category.
All columns represent sample for τ>3 ids = 1
Controls in all specifications: Household (sex of head, number of members (log),
wealth index, urban/rural residence, access to piped water and sewer toilet,
time distance from flood season. Child (year and month of birth dummies, age, sex).
Maternal (age, age squared, education). Weather (rainfall, temperature).
Flood year and district fixed effects. Province level time trend.
Wealth index is proxied by number of rooms and building material
of the dwelling in MICS. Additional controls in DHS only:
Child (pregnancy wanted, place of delivery, c-section birth).
Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Figure (A3) Nonlinearity in Marginal Effect

(a) Diarrhea - Positive flood (b) Diarrhea - Negative flood

(c) Fever - Positive flood (d) Fever - Negative flood

(e) Dietary diversity - Positive
flood

(f) Dietary diversity - Negative
flood

(g) Meal frequency - Positive flood
(h) Meal frequency - Negative
flood

Sample restricted to τ0ids 6= 1 for diarrhea and fever, and to τ>3
ids = 1 for dietary diversity and meal frequency.

Point estimates given in Table A4, with specifications described below.

6



Table (A4) Nonlinear Impact of Flood (Morbidity and Food Consumption).

Diarrhea Fever
Dietary
diversity

Meal
frequency

(1) (2) (3) (4) (5) (6)
DHS MICS DHS MICS DHS MICS

Pos. Flood 1.402 0.293 -1.437 1.274 -5.173 113.6∗∗∗

(1.41) (0.16) (-0.99) (0.38) (-0.21) (3.13)

Pos. Flood × Pos. Flood -3.231 5.347 5.828 -13.02 -296.7 -3040.3∗∗∗

(-0.95) (0.26) (1.14) (-0.38) (-1.25) (-3.97)

Neg. Flood 1.572 0.297 -1.599 -6.107∗ 41.01 -12.11
(1.39) (0.25) (-1.03) (-1.95) (1.19) (-0.48)

Neg. Flood × Neg. Flood -10.59 -12.07 16.29 79.75∗ -1162.0∗ -42.12
(-0.85) (-0.87) (0.85) (1.72) (-1.92) (-0.14)

Observations 20260 170611 20251 87949 2938 32996
Avg. child age 2.00 1.96 2.00 1.97 1.82 0.78
R2 0.056 0.050 0.029 0.048 0.25 0.10
Adjusted R2 0.053 0.050 0.026 0.048 0.24 0.10

Outcomes: Diarrhea, fever, dietary diversity, and meal frequency.

Samples for diarrhea and fever are restricted to τ0 ids 6= 1, while those for

dietary diversity and meal frequency to τ>3 ids = 1

Controls in all specifications: Household (sex of head, number of members (log), wealth index,

urban/rural residence, access to piped water and sewer toilet, time distance from flood season.

Child (year and month of birth dummies, age, sex). Maternal (age, age squared, education).

Weather (rainfall, temperature). Flood year and district fixed effects. Province level time trend.

Binary indicator for positive and negative flood. Wealth index is proxied by number of rooms and

building material of the dwelling in MICS. Additional controls in DHS only: Child (pregnancy

wanted, place of delivery, c-section birth). Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Figure (A4) Heterogeneity Analysis for WHZ (τ 0ids 6= 1)

(a) By piped water (b) By neighborhood sanitation

(c) By mother’s education (d) By wealth index quintile

Point estimates given in Tables A5, with specifications described below.
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Table (A5) Heterogeneous Impact of Flood on WHZ

DHS MICS

(1) (2) (3) (4) (5) (6) (7)
WHZ WHZ WHZ WHZ WHZ WHZ WHZ

Flood -0.0863 0.234 -0.0344 0.0278 -0.491 -0.804 -1.352
(-0.10) (0.25) (-0.04) (0.03) (-0.31) (-0.48) (-0.83)

Piped water × Flood -0.358 -0.788
(-0.22) (-1.03)

Flood × Sewer toilet -3.151 0.245
(-1.45) (0.17)

Mother pri. edu. × Flood -0.168 0.708
(-0.18) (0.94)

Mother sec. edu. × Flood -1.537 1.253
(-1.47) (1.51)

Mother high. edu. × Flood 1.189 0.941
(1.14) (0.84)

WI - Poorer × Flood 0.261
(0.22)

WI - Middle × Flood -0.628
(-0.72)

WI - Richer × Flood -0.515
(-0.19)

WI - Richest × Flood -3.814∗∗

(-2.41)
Piped water (binary) -0.0206 -0.0186 -0.0193 -0.0211 -0.0169 -0.00961 -0.0102

(-0.35) (-0.32) (-0.33) (-0.37) (-1.16) (-0.66) (-0.71)
Sewer toilet (% in PSU) -0.0308 -0.0650 -0.0315 -0.0343 0.0670∗∗ 0.0693∗∗ 0.0685∗∗

(-0.32) (-0.65) (-0.33) (-0.36) (2.29) (2.25) (2.37)
WI - Poorer (binary) 0.0503 0.0514 0.0525 0.0578

(0.58) (0.59) (0.61) (0.67)
WI - Middle (binary) 0.125 0.129 0.127 0.131

(1.54) (1.59) (1.58) (1.61)
WI - Richer (binary) 0.163∗ 0.165∗ 0.164∗ 0.173∗∗

(1.91) (1.93) (1.93) (2.02)
WI - Richest (binary) 0.326∗∗∗ 0.329∗∗∗ 0.329∗∗∗ 0.315∗∗∗

(2.78) (2.81) (2.82) (2.74)
Mother pri. edu. (binary) 0.0569 0.0568 0.0568 0.0573 0.0324∗∗∗ 0.0322∗∗ 0.0377∗∗∗

(0.83) (0.83) (0.84) (0.83) (2.67) (2.60) (3.40)
Mother sec. edu. (binary) -0.0507 -0.0514 -0.0644 -0.0544 0.0829∗∗∗ 0.0825∗∗∗ 0.0937∗∗∗

(-0.70) (-0.71) (-0.89) (-0.75) (6.73) (6.63) (7.56)
Mother high. edu. (binary) 0.211∗∗∗ 0.209∗∗∗ 0.216∗∗∗ 0.206∗∗∗ 0.201∗∗∗ 0.201∗∗∗ 0.210∗∗∗

(2.91) (2.88) (3.01) (2.87) (11.62) (11.67) (10.44)

Observations 4741 4741 4741 4741 130725 130725 130725
Avg. child age 2.03 2.03 2.03 2.03 1.99 1.99 1.99
R2 0.048 0.049 0.049 0.049 0.028 0.028 0.028
Adjusted R2 0.037 0.037 0.037 0.037 0.028 0.028 0.028

Outcome: Weight-for-Height z-score.
WI stands for Wealth Index. Omitted wealth quintile is “poorest” category.
All columns represent sample for τ0 ids 6= 1
Controls in all specifications: Household (sex of head, number of members (log), wealth index,
urban/rural residence, access to piped water and sewer toilet, time distance from flood season.
Child (year and month of birth dummies, age, sex). Maternal (age, age squared, education).
Weather (rainfall, temperature). Flood year and district fixed effects. Province level time trend.
Wealth index is proxied by number of rooms and building material of the dwelling in MICS.
Additional controls in DHS only: Child (pregnancy wanted, place of delivery, c-section birth).
Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Figure (A5) Nonlinearity in Marginal Effect on WHZ (τ 0ids 6= 1)

(a) Positive flood shock (b) Negative flood shock

Point estimates given in Table A6, with specifications described below.

Table (A6) Nonlinear Impact of Flood on WHZ.

WHZ

(1) (2)
DHS MICS

Pos. Flood -11.91 -20.96
(-1.13) (-1.66)

Pos. Flood × Pos. Flood 47.74 303.6
(1.37) (0.93)

Neg. Flood -18.61 -5.986
(-1.00) (-0.94)

Neg. Flood × Neg. Flood 271.2 72.40
(1.22) (0.99)

Observations 4741 130725
Avg. child age 2.03 1.99
R2 0.049 0.029
Adjusted R2 0.037 0.028

Outcome: Weight-for-Height z-score.

All columns represent sample for τ0 ids 6= 1

Controls in all specifications: Household (sex of head,

number of members (log), wealth index, urban/rural

residence, access to piped water and sewer toilet,

time distance from flood season. Child (year and

month of birth dummies, age, sex). Maternal (age,

age squared, education). Weather (rainfall, temperature).

Binary indicator for positive and negative flood.

Flood year and district fixed effects.Province level time

trend. Wealth index is proxied by number of rooms and

building material of the dwelling in MICS. Additional

controls in DHS only: Child (pregnancy wanted, place of

delivery, c-section birth). Standard errors clustered

at district. ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (A7) Robustness check by using positive and negative flood shocks separately

Diarrhea Fever
Dietary
diversity

Meal
frequency

(1) (2) (3) (4) (5) (6)
DHS MICS DHS MICS DHS MICS

τ 0 × Pos. Flood -1.760∗ -0.342 -1.110 -0.963∗∗ -0.633
(-1.73) (-1.53) (-0.53) (-2.36) (-0.35)

τ 1−3 × Pos. Flood 0.600∗∗∗ 0.507 0.171 0.677 -0.648 -8.288
(4.22) (0.74) (0.64) (0.87) (-0.48) (-0.73)

τ>3 × Pos. Flood 2.166∗∗∗ 0.521 0.317 0.0700 6.015 -1.169
(3.81) (0.93) (0.25) (0.08) (0.70) (-0.12)

τ 0 × Neg. Flood -2.528 0.729 -16.32 0.0692 3.108
(-0.13) (1.13) (-0.77) (0.03) (0.78)

τ 1−3 × Neg. Flood 1.218∗∗ 0.0740 0.184 -1.825 3.697 1.985
(2.49) (0.18) (0.32) (-1.55) (0.78) (0.46)

τ>3 × Neg. Flood 0.284 -0.376 -0.622 -1.164∗∗ -2.340 -6.255∗∗∗

(0.53) (-1.29) (-0.81) (-2.09) (-0.53) (-2.75)

Observations 21232 236065 21223 113303 7400 95568
P-value (τ 0pos = - τ 0neg) 0.82 0.60 0.44 0.68 0.58
P-value (τ 1−3pos = - τ 1−3neg) 0.0028 0.51 0.63 0.44 0.60 0.62
P-value (τ>3pos = - τ>3neg) 0.0062 0.83 0.85 0.34 0.70 0.45
Avg. child age 2.00 1.97 2.00 1.98 1.83 1.68
R2 0.059 0.048 0.030 0.043 0.23 0.15
Adjusted R2 0.056 0.047 0.027 0.043 0.22 0.15

Outcomes: Morbidity (diarrhea, fever) and food consumption (dietary diversity, meal frequency).

Controls in all specifications: Household (sex of head, number of members (log), wealth index,

urban/rural residence, access to piped water and sewer toilet, time distance from flood season.

Child (year and month of birth dummies, age, sex). Maternal (age, age squared, education).

Weather (rainfall, temperature). Flood year and district fixed effects. Province level time trend.

Binary indicator for positive and negative flood. Wealth index is proxied by number of rooms and

building material of the dwelling in MICS. Additional controls in DHS only: Child (pregnancy wanted,

place of delivery, c-section birth). Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table (A8) Robustness check by using proportion of pos. shock within district

Diarrhea Fever
Dietary
diversity

Meal
frequency

(1) (2) (3) (4) (5) (6)
DHS MICS DHS MICS DHS MICS

τ 0 × Pos. flood prop. -0.810∗∗ -0.0681 -0.290 -0.203 0.995
(-2.44) (-0.36) (-0.53) (-0.45) (0.63)

τ 1−3 × Pos. flood prop. 0.272∗∗∗ 0.359 0.179 0.721∗ 0.433 1.209
(3.85) (1.22) (1.42) (1.72) (0.51) (0.70)

τ>3 × Pos. flood prop. 0.708∗∗∗ 0.111 0.503 0.289 4.214 -1.727
(2.98) (0.38) (1.09) (0.65) (0.87) (-0.54)

Observations 21232 236065 21223 113303 7400 95568
Avg. child age 2.00 1.97 2.00 1.98 1.83 1.68
R2 0.058 0.047 0.030 0.043 0.23 0.15
Adjusted R2 0.055 0.047 0.027 0.042 0.22 0.15

Outcomes: Morbidity (diarrhea, fever) and food consumption (dietary diversity, meal frequency).

Controls in all specifications: Household (sex of head, number of members (log), wealth index,

urban/rural residence, access to piped water and sewer toilet, time distance from flood season.

Child (year and month of birth dummies, age, sex). Maternal (age, age squared, education).

Weather (rainfall, temperature). Flood year and district fixed effects. Province level time trend.

Wealth index is proxied by number of rooms and building material of the dwelling in MICS.

Additional controls in DHS only: Child (pregnancy wanted, place of delivery, c-section birth).

Standard errors clustered at district.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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