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1. Introduction
The effects of weather shocks have been widely studied, particularly in the development
literature. A large strand of this literature examines how early life exposure to such shocks
negatively affects later life outcomes ranging from physical health (Alderman et al. 2006;
Barker 1995; Currie and Rossin-Slater 2013; Victora et al. 2006) to cognitive performance
(Stein et al. 1972) to personality traits (Krutikova and Lilleor 2015). More recently, early
life exposure to natural disasters and other weather shocks has been casually linked to a
new outcome: adult mental health (Adhvaryu et al. 2017b; Dinkelman 2017; Liu et al.
2017; Maclean et al 2016).2
While relatively infrequently studied in economics, the costs associated with mental health
disorders are particularly large, reaching up to 13 percent of the global disease burden, and
are disproportionately concentrated in developing countries (Collins et al. 2011).
Moreover, since these disorders are infrequently diagnosed or treated in developing
countries, they represent an important and continuing ‘invisible’ burden (Demyttenaere et
al., 2004) in these countries. For instance, in the context that we study, Indonesia,
neuropsychiatric disorders account for roughly 10 percent of the disease burden (WHO
2011). Between 2012 and 2030, this burden is expected to lower Indonesia’s aggregate
output by US$ 0.98 trillion hence presenting a significant headwind to overall growth and,
potentially, to efforts to reduce poverty (Bloom et al. 2015).
The aggregate effects of weather on mental health are likely to increase over the coming
years since climate change is expected to increase both the variability of weather and the
frequency of ‘extreme’ events (Dell et al. 2014; Deschenes 2014). 3 For instance, in
Indonesia, while annual precipitation levels have slightly decreased in recent years, climate
models suggest that climate change will increase precipitation in the coming decades (Case
2

In part, this reflect a broader interest in the long run effects of early life stressors on adult mental health
(Abel et al. 2014; Adhvaryu et al. 2017a; Almond and Mazumder 2011; Class et al. 2013; Dinkelman 2015;
Persson and Rossin-Slater, forthcoming).
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A more developed literature focuses on heat. Although temperatures show considerable variation in certain
regions, such as Africa (Adhvaryu et al. 2017b), this is not universally true, particularly in South and SouthEast Asia. For instance, in Jakarta, the capital of Indonesia, the monthly average air temperature between
1865 and 1995 was essentially bounded between 26 and 29 degrees centigrade (Harger 1995). In contrast,
there is considerable variation in rainfall levels in Indonesia within and across years (Aldrian et al. 2003)
Consequently, we choose to focus on rainfall.
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et al. 2007). These analyses point to heterogeneity in the local effects from climate change
but the changes are likely to be substantial; for instance, parts of Sumatra are expected to
experience between 10-30 percent more precipitation by 2080.
In this paper, we examine the effects of early life exposure to above average levels of
rainfall (i.e. positive rainfall shocks) on adult mental health. A robust literature examines
the effects of early life exposure to rainfall shocks on human capital outcomes, both
adolescent and adult. The early literature’s focus on height has expanded to a variety of
other outcomes in recent years including cognitive development (Shah and Steinberg,
2017; Leight et al. 2015), personality traits (Krutikova and Lilleor, 2015) and pro-social
behavior (Ben Yishay, 2013).4 There is, however, only limited research on the effects of
early life exposure to rainfall of adult mental health.
Maclean et al. (2016) include droughts and floods in their aggregate measure of exposure
to natural disasters and find that early-life exposure to their aggregate measure resulted in
worse adult mental health outcomes. Dinkelman (2017) focuses on negative weather
shocks, specifically, droughts, and finds that prenatal exposure and, depending on the
specification, exposure during the first year of life leads to higher adult rates of mental
health disorder and disabilities. Liu et al. (2017) study typhoons (severe wind events
associated with significant increases in precipitation) in Taiwan, and find a significant
increase in mental illness in women. To the best of our knowledge, we are the first study
to examine the effects of prenatal exposure to positive rainfall shocks on adult mental
health, independent of other shocks.
By combining a national survey and a historical station-level panel of daily rainfall and
temperature data, we create individual-specific measures of exposure to rainfall shocks
during different early life growth periods: pre-natal, from ages 0 to 1 year, and from 1 to 2
years. Our measure of mental health employs the Center for Epidemiological Studies
Depression (CESD) scale, a widely used diagnostic instrument for depression symptoms.
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We employ both the log of the raw CESD scores as well as the indicator for symptomatic
depression using typical cutoff values employed by psychologists.
We find a clear and consistent negative relationship between post-natal positive rainfall
exposure and our measures of mental health. In our benchmark specification, postnatal
rainfall shocks decrease average mental health scores by 15 percent and increase the
likelihood of depression by 5 percent, a more than 20 percent increase relative to the mean.
These effects are robust to alternate specifications and measures of rainfall. Interestingly,
these effects are limited to women in the sample.
We next examine particular pathways suggested by the literature on weather, climate
change, and mental health (Berry et al. 2010) in conjunction with the broader literatures
on early life shocks. While we are able to rule out pre-natal stress and income shocks from
exposure to rainfall shocks as explanations for the increased depression observed, we do
find evidence suggestive that changes in the disease environment may be a mechanism by
which exposure to rainfall shocks affect mental health.
The remainder of the paper is organized as follows: sections 2 and 3 describe the
methodology and data, respectively. Section 4 presents the main results and examines their
robustness before investigating specific pathways. Finally, section 5 concludes.
2. Specification
To estimate the long-run effects of pre-natal and early life exposure of rainfall shocks on
adult mental health, we follow Adhvaryu et al. (2017b) and estimate the following
benchmark regression specification:
′
𝑀𝑒𝑛𝑡𝑎𝑙 𝐻𝑒𝑎𝑙𝑡ℎ𝑖𝑐𝑗𝑑𝑡 = 𝛼 + 𝛽𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑖ℎ𝑐𝑔 + 𝑋𝑖𝑐𝑔𝑡
𝜃 + 𝛾𝑗𝑑 + 𝜌𝑐 + 𝜏𝑡 + 𝜀

(1)

Where Mental Healthicjdt is a measure of the mental health of person i born in community
c in district d during survey year t in birth year j. Following the literature on early life
shocks and its emphasis on the first 1,000 days of life as the “sensitive/critical period” for
their effects (Barker 1995; Hoddinott 2010; Victora et al 2008), we use separate measures
of exposure, Rainfall, for three growth periods, g; specifically, pre-natal, and between ages
0 and 1 year, and 1 and 2 years, respectively. While we initially only examine the effects
4

of shocks before the age of 2, we subsequently allow for the possibility of a later life effect
and expand the measures of yearly exposure to age 7. 𝛽 is our coefficient of interest and
represents the treatment effect of early life rainfall exposure on adult mental health.
′
𝑋𝑖𝑐𝑔𝑡
is a vector of controls for survey year t including the age of the respondent and of

his/her mother, an indicator for a female head of household, highest education of the
respondent’s parents, household size, and the total number of health facilities in the
community. To account for the effects of temperature described in Adhvaryu et al. (2017b),
the vector also contains a measure of the average temperature during each growth period.
𝛾𝑗𝑑 is a vector of district-birth year fixed effects and therefore controls for any unobserved
determinants of mental health which affect all individuals in a birth cohort within a given
district. Consequently, we are identifying the effects of rainfall variation based solely on
the within period variation of individuals born in the same district.
𝜌𝑐 is a vector of fixed effects for the birth (and current) community of the respondent and
therefore account for unobserved community characteristics which might affect mental
health. Lastly, 𝜏𝑡 is a vector of fixed effects for the year of survey and controls for any
unobserved factors which affect Indonesia at the time of the survey, t. Following the
recommendations of Dell et al. (2014), we use robust standard errors clustered by subdistrict and birth year.
After establishing the effect of rainfall shocks, we next examine potential pathways. As we
subsequently discuss, much of this analysis relies on variations of equation (1). One
exception, however, is our discussion of disease epidemics which estimates the following
equation:
𝐷𝑖𝑠𝑒𝑎𝑠𝑒𝑂𝑢𝑡𝑏𝑟𝑒𝑎𝑘𝑐𝑟𝑡 = 𝛼 + 𝛽𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑐𝑟𝑡 + 𝜃𝑇𝑒𝑚𝑝𝑐𝑟𝑡 + 𝛿𝑟 + 𝜏𝑡 + 𝜀

(2)

where DiseaseOutbreak is binary indicator for a particular disease outbreak in community
c in region r at survey year t. Rainfall is an indicator for rainfall shock in community c in
region r at survey year t. Temp is the average annual temperature in community c in region
r at survey year t. 𝛿𝑟 is a province-specific fixed effects, and 𝜏𝑡 is the survey year fixed
effects.
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3. Data
With the exception of the rainfall data, we use data from the Indonesian Family Life Survey
(IFLS), a longitudinal survey representative of approximately 83 percent of the population.
Due to the availability of a mental health module based on the CESD-10 (which we discuss
in the next section), we focus on the two most recent rounds, 2007 and 2015 (IFLS 4 and
5, respectively). We limit the sample to individuals who answer the module (15 and older).
As we subsequently explain, individuals are matched to the rainfall from their
communities. Since we only have spatial coordinates for the IFLS communities, we further
limit the sample to individuals who reside in their community of birth. Our final sample
consists of 3,073 individuals born between 1986 and 2000 who reside in their birth
community.5
3.1 Mental Health
Mental health is measured using the CESD-10. The CESD was first developed by Radloff
(1977) and was designed for inclusion in surveys. Since its introduction, it has been
employed by hundreds of surveys in both clinical and non-clinical settings. The CESD has
been extensively validated to be a good instrument for “identifying individuals at risk for
clinical depression, with good sensitivity and specificity, and high internal consistency
(Lewinsohn et al. 1997)” according to the American Psychological Association.6 Two
versions of the CESD exist: a 20-question version, the more common CESD-20, and the
10-question version included in the IFLS, CESD-10. Despite its shorter length, the
reliability and validity of the CESD-10 is not affected (Shrout and Yager, 1989).
We calculate the CESD score using Likert scores. This method, which gives weights of 0,
1, 2, and 3 to the responses (i.e. rarely or none, some days, etc.), is best at detecting major
depressive episodes among first-visit psychiatric patients (Furukawa et al., 1997). The 10
underlying questions and the associated scores are described in Appendix Table 1. The
score for the CESD-10 ranges from 0 to 30. Scores of 10 or greater are symptomatic of
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The 1986 lower threshold arises from the fact that we calculate rainfall deviations from a 10-year average
and use rainfall data beginning from 1976.
6
See also Steffick (2000) for an extensive discussion of the CES-D.
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depression.7 We therefore create a binary indicator for depression using this threshold. To
examine changes in overall mental health, we also measure mental health using the log of
the CESD-10 score. Close to a quarter of the sample has a score of 10 or greater (Appendix
Table 1).
3.2 Rainfall
The weather data comes from Indonesia's Meteorological, Climatological, and
Geophysical Agency (Badan Meteorologi, Klimatologi, dan Geofisika).8 This station-level
data contains information on the daily precipitation rate (measured in centimeters) and
daily temperature (measured in degree Celsius). While station-level data offer considerable
advantages, one difficulty is that changes in weather stations across time and space often
result in missing observations (Aufhammer, 2013). To minimize the number of missing
data points, we focus on 160 weather stations across Indonesia starting from 1976 since
these contain substantially fewer missing observations.
The data from weather stations are used to interpolate estimates for the IFLS communities.
Using the spatial coordinates of the weather stations and the communities, each community
is matched with the three closest weather stations. The data at the community level is the
weighted average of the daily data from the three closest weather stations, weighted by the
inverse distance of the communities to the weather stations (Chen and Liu, 2012). The
result of this process are community-level daily precipitation and temperature data which
we match with individuals based on their birthdates to calculate rainfall exposure during
the different growth periods. The prenatal period is calculated by counting backwards 270
days prior to the birth date, while the dates for the 0-2 years age groups are calculated by
counting forward 365 days for each year until 2 years old.
Despite only using more recent data with fewer missing values, there are still missing
observations in the station-level data (and therefore in the community-level data). Since no
method can completely address this, we use alternate measures. In our preferred
specification, we use the average rainfall levels for the period. Insofar as the actual rainfall
7
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positives with minimal loss to sensitivity.
8
There data is available at http://dataonline.bmkg.go.id/home. Note the website interface is in Indonesian.
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levels are uncorrelated with pattern of missing data, this will provide an accurate measure
of rainfall. As an alternate measure, we follow Maccini and Yang (2007) and use rainfall
z-scores for the (unimputed) cumulative rainfall.
These rainfall measures are then used to construct the standardized rainfall z-scores, which
measures the standard deviations from a community-level 10 year-moving average from
the date of birth of the specific individual. While the community-fixed effects account for
long-run community averages, local patterns may change for a variety of reasons including
climate change. Consequently, the z-scores account for any trends over time. Following
the climate literature, we define a rainfall shocks as a z-score greater than 0.7 during a
growth period (Aguilar Esteva 2012; Andalon et al. 2016).
As an additional robustness check, we adapt the instrumented variable approach employed
in Maccini and Yang (2007). We use rainfall shocks constructed from rainfall data from
the second, and third closest stations to instrument the rainfall shock from the first closest
weather station, with the restriction that these weather stations were operational before
2000. Contrary to the previous two approaches, where rainfall shocks for each growth
period are defined as when the rainfall z-score is greater than 0.7 standard deviations from
the 10-year locality mean, in the IV approach, we follow Maccini and Yang (2007) in using
log deviations from the 10-year locality mean as the measure for the rainfall shocks.
3.3 Other Covariates
In addition to the fixed effects, the estimation specifications include measures for the
average temperature during each growth period, the age of the respondent and his/her
mother, an indicator for a female head of household, highest education of the respondent’s
parents9, household size, and total health facilities in the communities. With the exception
of the temperature data, these are all drawn from the IFLS.
Table 1 presents summary statistics for the variables used in this paper. There is
considerable variation in our measures of mental health. The sample average for CESD
scores is a little over 5 (log 1.54), considerably below the threshold of 10 for depression.
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At the same time, however, close to a quarter of the sample (23.2 percent) have CESD
scores above the threshold. Within localities, there is also substantial fluctuation in rainfall
with roughly one quarter of the sample exposed to at least one rainfall shock (z-score>0.7)
during the first 1,000 days of life. Since the percent of the population exposed to shocks
during the different growth periods is in-between 21 and 22 percent, this implies that a
fraction of the population was exposed to multiple rainfall shocks during their first 1,000
days of life.
4. Results
4.1 Main Results
We begin by examining the link between rainfall and mental health. In Table 2, columns
(1) and (3), we estimate the effects of rainfall deviations (from the local moving 10-year
average) on the log CESD and depression indicator, respectively. For both measures, the
estimated coefficients are insignificant. We therefore refine the analysis by focusing on
shocks (z-score >0.7) and by allowing the effects to differ for positive and negative shocks.
This allows rainfall shocks, such as floods and droughts, to have different effects on say
agricultural production and, ultimately, on income. Similarly, disease burdens, such as
malaria, may be affected non-linearly by positive/negative rainfall shocks.
The estimated coefficients are reported in columns (2) and (4). The negative rainfall shocks
are never significant which contrasts with Dinkelman (2017) who finds an effect of
droughts on the incidence of adult mental disabilities. This may partially arise from
differences in the effects of low rainfall in the particular settings. In South Africa, below
average rainfalls may result in droughts while in Indonesia, droughts are relatively
uncommon. Below average rainfall is therefore potentially less destructive or harmless.
However, the results are consistent with the study by Liu et al. (2017) on the effects of
typhoons (which also engender a positive rainfall shock). For average mental health, only
the estimated coefficient for a positive shock during age 1 is significant and implies a 15
percent increase in CESD scores. Similarly, only the coefficient for above average
exposure at age 2 is significant for depression. The magnitude, however, is relatively large
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and implies a 5.5 percent increased likelihood of being depressed, an increase of 23%
relative to the sample average.
Since the negative rainfall shocks are statistically insignificant, we focus on positive
rainfall shocks for the remainder of the analysis. Although the literature on early life shocks
focuses on the first 1,000 days after birth, this literature typically does not examine mental
health. Consequently, it is not clear that the effects of early life exposure to weather
variation are similarly limited to the first 1,000 days. We therefore examine this in Table
3. Columns (1) and (3) re-estimate equation (1) using only positive shocks up to age 2. The
results are broadly similar to Table 2 although the effects of rainfall shocks on average
mental health extend to age 2. Columns (2) and (4) extend the growth period until age 7
and includes exposure to (positive) rainfall shocks in each year. The results are largely
unchanged as none of the newly added estimated coefficients are significant while the
significance and magnitude of the estimated coefficient in columns (1) and (3) remain
largely unaffected. This suggests that the effects are limited to this early life period.
4.2 Robustness
We next examine the robustness of these results. We begin by investigating the effects of
seasonality. In particular, as with much of the literature, equation (1) identifies the effects
of weather (i.e. rainfall) based on the monthly variation in exposure for children born in
the same year in the same geographic area (i.e. district). Other factors, however, are also
correlated with seasonality. For instance, seasonality may affect household livelihoods and
therefore the ability of parents to be with children, or exposure to sunlight, etc.
Consequently, one important concern is whether omitted variables which are correlated
with seasonality are potentially underlying our effects. We address this in Table 4 by
replacing the district-year fixed effects with a district-birth year-birth quarter fixed effect.
As a result, we are identifying based on variation in rainfall exposure of children born in
the same quarter in the same year and district. Columns (1) and (3) replicate our estimates
from Table 3 for shocks before age 2, while columns (2) and (4) replace the district-year
fixed effects with a district-birthyear-birthquarter fixed effect. While the statistical
significance decreases somewhat, the same pattern broadly emerges. The magnitude of the
effects, however, are noticeably larger. Consequently, our results are not driven by
10

seasonality and may perhaps somewhat underestimate the total effects of early-life
exposure to rainfall variation.
In our earlier estimation exercises, z-scores were calculated based on the average rainfall
in a community during a growth period. We replace these measures of shocks with an
alternate measure of shocks based on z-scores for the cumulative rainfall during the growth
periods. These use the same 0.7 standard deviation threshold as in earlier exercises. The
results are presented in Table 5. Columns (1) and (3) replicate our benchmark results
(reported in Table 3, columns (1) and (3)). The new estimates are presented in columns (2)
and (4). As can be seen, the results are qualitatively and quantitatively similar.
Finally, we adapt the instrument variable approach employed in Maccini and Yang (2007).
Rainfall shocks from the second and third closest weather stations are good instruments for
rainfall shocks in the closest weather station (Appendix: Table 11: Panels A to G).
However, the null hypothesis of the Durbin-Wu-Hausman test of exogeneity cannot be
rejected in any first stage. Consequently, instrumental variables estimators are inefficient
while the least squares estimates remain consistent and are therefore preferred.
4.3 Heterogeneity
We next examine heterogeneity along two dimensions: geographic and gender. While
(positive) rainfall shocks, such as flooding, may affect urban areas, their effects may be
stronger in rural areas for two reasons. First, rural households are relatively more
vulnerable to weather fluctuations since they frequently depend on rain-fed agriculture with
minimal irrigation.10 Second, poverty was primarily concentrated in rural areas during this
period and poorer households are more affected by fluctuations in income (caused by the
weather). We modify equation (1) to include interaction terms between the rainfall shocks
in each growth period and a rural indicator. The results are presented in Table 6. The effects
of rainfall shocks on average mental health are present in both urban and rural areas. In
urban areas, only the estimated coefficient for shocks at age 1 are significant. In rural area,
both of the post-birth estimated coefficients are significant. In the specifications with
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depression, the estimate coefficient for rainfall shocks at age 2 are significant at the 10
percent levels. Taken together, the results suggest that may rural areas drive the main
results.
We next examine whether rainfall shocks affect boys and girls differently. Not only does
the broader literature on early life shocks frequently find differences based on gender but
Liu et al. (2017) find that the effect of typhoons on depression are limited to women. We
modify equation (1) to include a binary variable for gender as well as interaction terms
between the rainfall shocks in each growth period and a rural indicator. The estimated
effects are presented in Table 7 and show that the main effects are completely driven by
the effects on women; none of the estimated coefficients for men are significant. The
estimated magnitudes are large: 12 to 28 percent higher average mental health scores and
a 12 percent increased likelihood of being depressed, an increase of 50 percent relative to
the sample mean. The estimated effect of early life shocks on the women’s likelihood of
being depressed matches Liu et al. (2017).
Unfortunately, the data do not allow us to understand the exact reasons for this. We are,
however, able to rule out one channel discussed in the literature: the culling of weaker
fetuses during pregnancy. For instance, Liu et al. (2017) note that their strong findings for
women are consistent with weaker male fetuses being less likely to survive leading to
stronger surviving males (Bozzoli et al. 2009; Liu et al. 2015; Bhalotra et al. 2010). Since
there are no effects on exposure to prenatal shocks, this is unlikely to be the channel.
Based on the broader literature, one possible explanation is that girls are more vulnerable
to shocks during these age groups. Another possibility is that the effects of these shocks
lead to within household re-allocations of time and/or resources that disproportionately
disadvantage girls. For instance, mothers may have to work outside of the house and spend
less time with children (Miller and Urdinola. 2010) The size of the effects and unclear
explanation makes this an important avenue for future research.
4.4 Potential Pathways
Having established a clear, causal relationship between early life exposure to rainfall
shocks and adult mental health, we next examine the pathways suggested by the literature
12

on weather, climate change and mental health (Berry et al. 2010) and the broader literatures
on early life shocks. As we discuss below, we are able to rule out pre-natal stress and
income shocks while we find evidence suggestive of the disease environment.
4.4.1 Pre-Natal Stress
As summarized in Adhvaryu et al. (2017b), pre-natal stress may affect prenatal growth and
is linked with mental disorders and depression (Brown et al., 2000; O’Connor et al., 2005;
St Clair et al., 2005; Watson et al., 1999). In addition to the direct effects on growth
(Hansen 2009), there may be indirect effects via elevated activity in the mother’s
neuroendocrine system (the ‘neurodevelopment hypothesis’; see, Bennet and Gunn 2006;
Phillips 2007). With respect to weather, this background literature focuses primarily on
temperature (as opposed to rainfall) (Hansen 2009). Within economics, Adhvaryu et al.
(2017b) find consistent effects for temperature and Dinkelman (2017) and Liu et al. (2017)
for rainfall (droughts and typhoons, respectively).
While we do not find any evidence for this in our main specification (Table 3: columns 1
and 3), we now examine alternate specifications to understand the role of prenatal shocks
in our context. We first alter the specification to more closely match Adhvaryu et al.
(2017b) who only control for prenatal shocks. However, the estimated coefficients remain
insignificant (Table 8: columns 1 and 3). Another possibility is that only some of the
trimesters matter but are insignificant when aggregated together. We therefore re-estimate
our main estimation after disaggregating prenatal shocks by semester. The estimated
coefficients for the trimesters are individually and jointly insignificant (Table 8: columns
2 and 4). Consequently, we are able to rule out pre-natal stress (and any other explanation
which relies on prenatal shocks) as a possible underlying mechanism (at least, in the
context of Indonesia).
4.4.2 Income
We next examine the effect of income shocks, a highly studied shock in the broader
literature. Baird et al. (2013) find that positive income shocks for families improve the
mental health of adolescent girls. Adhvaryu et al. (2017a) extend this to the long run effect
on adult mental health by examining exogenous price variation in cocoa, the main cash
13

crop in Ghana. The exact channels are unclear but may include nutrition or other food
deprivation (Brown et al 2000; Neugubauer et al 1999; Pol et al. 2000; Susser and St Clair
2003)
Unfortunately, there is no corresponding cash crop in our data and there are no
contemporaneous income or nutritional data. Consequently, we reply on a different income
shock: the 1997 Asian Financial Crisis. The crisis was the worst economic shock in recent
Indonesian history and had a devastating effect. Thomas and Frankenberg (2007) estimate
that average per capita expenditure dropped by 25 percent between 1997 and 1998. At the
same time, inflation in 1998 reached 80 percent. It took roughly until 2001 for the country
to recover.
We replace the rainfall shock variables with variables for exposure to the Asian Financial
Crisis during the different growth periods. The estimation results are presented in Table 9.
None of the estimated coefficients are significant although many have the expected sign.
If the primary pathway from rainfall shocks to adult mental health were through its effect
on income, the largest economic event in recent years would presumably have a similar
effect. However, this is not the case.
4.4.3 Disease
The disease environment has been linked to mental health through a variety of channels.
For instance, pre-natal exposure through mothers to influenza has been linked to
schizophrenia (Brown et al. 2004; Mednick et al 1988; Shi et al 2003). A recent review of
major infectious diseases links them to neurocognitive and mental health outcomes
(Chandy et al. 2015).
We focus here on two major diseases in Indonesia for which we have data: malaria and
dengue. Cerebral malaria is associated with increased risk of subsequent mental health
disorder in children (John et al. 2015). Among adults, malaria has been associated with
concurrent mental disorders (Weiss 1985). More broadly, in utero and post-natal exposure
to malaria are linked with lower adult education, income and poverty outcomes, which
could be associated with adult mental health (Barreca 2010 Cutler et al 2010). Similarly,
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dengue has been associated with anxiety and depression, and mania in adults (Hashmi et
al 2012; Jhanjee et al 2011; Lam 1996)
Unfortunately, the IFLS does not contain information on personal disease histories.
Consequently, we examine how rainfall influences the disease environment using the
PODES (Potensi Desa) data which contain information on disease outbreaks for all
communities in Indonesia. We use data from the 2000, 2003, 2006, 2008, and 2011 survey
rounds and merge the two data sets together to create a yearly-community level measure
of disease outbreak for dengue fever and malaria. We estimate equation 2 in Table 10 and
find that positive rainfall shocks increase the prevalence of both dengue and malaria, two
diseases linked to depression (Barreca 2010; John et al. 2015; Weiss 1985).11 This is
consistent with the WHO 2003 report on climate change and human health, where extreme
weather events precipitate the transmission of tropical diseases such as malaria and dengue
fever, especially in regions with high El Nino South Oscillation (ENSO) signal
(McMichael, 2003). In the case of Indonesia, past ENSO events have been correlated with
dengue epidemics (Gagnon et al, 2001). These results are consistent with disease outbreaks
being a factor that can lead to decreased adult mental health.
5. Conclusion
This study examines the impact of early life exposure to positive rainfall shocks on adult
mental health. We find a causal and robust effect: post-natal exposure leads to important
decreases in average mental health and large increases in the rate of depression. Since
positive rainfall shocks are relatively common in Indonesia (25% of the sample experience
a shock in the first 1,000 days post birth) and in the broader South East Asian region, this
suggests a potentially large and understudied burden in the region arising from climate.
Moreover, these effects are likely to be exacerbated by climate change in the coming years.
While we are able to rule out prenatal and income shocks as pathways, important questions
remain. With the data available to us, we were able to find support for the hypothesis that
the mechanism that mediates early exposure to rainfall shocks on adult mental health may
be through the influence of rainfall on disease prevalence. However, one important facet
11
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of our analyses is to confirm the findings of Liu et al (2016) that these effects are present
only in women. It is, however, unclear why this is the case. While the explanation may be
biological, it may also reflect endogenous responses by households which can be addressed
through policy. Likewise, our results are consistent with changes in the duration of
breastfeeding (which has been linked to improved mental health outcomes in children
(Oddy et al. 2010)). The median duration of exclusive breastfeeding in Indonesia is 0.7
months although some form of breastfeeding often continues into the second year of life
(Statistics Indonesia et al., 2013). Our effects are limited to the first two years of life with
the largest effects in the first year. It is possible that large weather shocks may affect the
ability of women to nurse (e.g. stress, nutritional changes, time allocation) or that this is
impacted by the prevalence of diseases. However, detailed data on breastfeeding is not
available in the IFLS and so we were not able to investigate this potential channel. If
confirmed, this would also open another policy avenue to address the changes in mental
health brought about by early exposure to positive rainfall shocks. Finally, insofar as these
effects are caused by the spread of diseases, our findings emphasize the importance of
investments in basic public health and sanitation in developing countries.
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Table 1: Summary Statistics
Variable

Mean

Std. Dev.

Variable

Percent

Log CESD-10 Score

1.74

0.75

Depression

23.16

Average Mean Temperature in Trimester 1

25.74

1.36

In Utero Rain Above 0.7 SD

21.61

Average Mean Temperature in Trimester 2

25.73

1.35

Trimester 1 Rain Above 0.7 SD

22.63

Average Mean Temperature in Trimester 3

25.72

1.38

Trimester 2 Rain Above 0.7 SD

22.06

Average Mean Temperature In Utero

25.73

1.30

Trimester Rain Above 0.7 SD

22.20

Average Mean Temperature Age 1

25.73

1.31

Age 1 Rain Above 0.7 SD

21.22

Average Mean Temperature Age 2

25.77

1.32

Age 2 Rain Above 0.7 SD

21.98

Averege Mean Temperature First 1,000 Days

25.74

1.28

First 1,000 Days Rain Above 0.7 SD

25.56

Age

18.90

3.38

Female Household Head

16.27

Maternal Age

26.76

6.42

Maternal Education Level:

Total Health Facilities in the Community

8.14

6.43

Missing

7.21

No Schooling

10.18

Elementary School

50.61

Junior High School

14.70

High School

13.30

College and Above

4.01

Paternal Education Level:

Observations

Missing

26.82

No Schooling

4.15

Elementary School

38.25

Junior High School

11.00

High School

13.95

College and Above

5.83

5,090
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Table 2: Exposure to Early-Life Rainfall Shocks and Adult Mental Health

Rainfall Deviation Inutero

(1)
Log CESD-10
-0.199
(0.124)

(2)
Log CESD-10

(3)
Depression
-0.002
(0.070)

Rainfall Deviation Age 1

0.137
(0.194)

-0.005
(0.170)

Rainfall Deviation Age 2

0.147
(0.153)

0.095
(0.125)

(4)
Depression

Inutero Rain Below 0.7 SD

0.008
(0.047)

0.001
(0.028)

Age 1 Rain Below 0.7 SD

-0.039
(0.040)

-0.005
(0.032)

Age 2 Rain Below 0.7 SD

-0.023
(0.040)

0.011
(0.017)

Inutero Rain Above 0.7 SD

-0.019
(0.060)

-0.003
(0.035)

Age 1 Rain Above 0.7 SD

0.153***
(0.046)

0.020
(0.031)

Age 2 Rain Above 0.7 SD

0.063
(0.036)
3631
0.442
Yes
Yes
Yes
Yes

0.055*
(0.029)
3631
0.378
Yes
Yes
Yes
Yes

Observations
R-squared
Survey Year FE
District x Birth Year FE
Control Variables
Community FE

3631
0.441
Yes
Yes
Yes
Yes

3631
0.377
Yes
Yes
Yes
Yes

Estimations use IFLS survey weights. Standard errors are clustered by sub-district and birth year. Control variables
are average temperature in corresponding growth period, age when surveyed, female household head, maternal
age, indicators for parents highest level of education, household size, and total health facilities in the
communities.
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Table 3: Exposure to Postive Early-Life Rainfall Shocks and Adult Mental
Health
(1)
Log CESD10
-0.026
(0.054)

(2)
Log CESD10
-0.011
(0.054)

Age 1 Rain Above 0.7 SD

0.156***
(0.044)

0.148***
(0.046)

0.022
(0.030)

0.016
(0.030)

Age 2 Rain Above 0.7 SD

0.059*
(0.029)

0.061*
(0.034)

0.053*
(0.026)

0.051*
(0.028)

Inutero Rain Above 0.7 SD

(3)

(4)

Depression Depression
-0.003
0.007
(0.033)
(0.033)

Age 3 Rain Above 0.7 SD

-0.025
(0.051)

-0.025
(0.025)

Age 4 Rain Above 0.7 SD

-0.036
(0.046)

-0.039
(0.037)

Age 5 Rain Above 0.7 SD

-0.001
(0.064)

-0.007
(0.038)

Age 6 Rain Above 0.7 SD

-0.007
(0.042)

0.011
(0.028)

Age 7 Rain Above 0.7 SD

0.003
(0.059)
3631
0.442
Yes
Yes
Yes
Yes

0.011
(0.030)
3631
0.380
Yes
Yes
Yes
Yes

Observations
R-squared
Survey Year FE
District x Birth Year FE
Control Variables
Community FE

3631
0.442
Yes
Yes
Yes
Yes

3631
0.378
Yes
Yes
Yes
Yes

Estimations use IFLS survey weights. Standard errors are clustered by sub-district and birth year.
Control variables are average temperature in corresponding growth period, age when surveyed,
female household head, maternal age, indicators for parents highest level of education, household
size, and total health facilities in the communities.
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Table 4: Exposure to Positive Early-Life Rainfall Shocks and Adult Mental Health (Birth
Seasonality)
(1)
(2)
(3)
(4)
Log CESD- Log CESD10
10
Depression Depression
Inutero Rain Above 0.7 SD

0.001
(0.103)

-0.012
(0.102)

0.018
(0.044)

0.011
(0.047)

Age 1 Rain Above 0.7 SD

0.222*
(0.108)

0.206*
(0.113)

-0.007
(0.045)

-0.015
(0.050)

Age 2 Rain Above 0.7 SD

0.164*
(0.081)

0.149
(0.088)

0.091*
(0.046)

0.075
(0.051)

Age 3 Rain Above 0.7 SD

-0.031
(0.110)

-0.070
(0.049)

Age 4 Rain Above 0.7 SD

-0.079
(0.074)

-0.092
(0.066)

Age 5 Rain Above 0.7 SD

0.017
(0.129)

0.017
(0.074)

Age 6 Rain Above 0.7 SD

-0.066
(0.106)

0.001
(0.063)

Age 7 Rain Above 0.7 SD

0.073
(0.095)

-0.000
(0.062)

Observations
R-squared

2295
0.569

2295
0.572

2295
0.515

2295
0.517

Survey Year FE
Yes
Yes
Yes
Yes
District x Birth Year x Birth Quarter
FE
Yes
Yes
Yes
Yes
Control Variables
Yes
Yes
Yes
Yes
Community FE
Yes
Yes
Yes
Yes
*** p<0.01, ** p<0.05, * p<0.1
Estimations use IFLS survey weights. Standard errors are clustered by sub-district and birth
year. Control variables are average temperature in corresponding growth period, age when
surveyed, female household head, maternal age, indicators for parents highest level of
education, household size, and total health facilities in the communities.
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Table 5: Robustness to Alternative Rainfall Measures
(1)

(2)

(3)

(4)

Log CESD-10

Log CESD-10

Depression

Depression

-0.026

-0.028

-0.003

0.003

(0.054)

(0.050)

(0.033)

(0.034)

0.156***

0.140***

0.022

0.019

(0.044)

(0.039)

(0.030)

(0.028)

0.059*

0.067**

0.053*

0.061**

(0.029)

(0.028)

(0.026)

(0.024)

Average

Cumulative

Average

Cumulative

Observations

3631

3642

3631

3642

R-squared

0.442

0.441

0.378

0.376

Survey Year FE

Yes

Yes

Yes

Yes

District x Birth Year FE

Yes

Yes

Yes

Yes

Control Variables

Yes

Yes

Yes

Yes

Community FE

Yes

Yes

Yes

Yes

In Utero Rain Above 0.7 SD

Age 1 Rain Above 0.7 SD

Age 2 Rain Above 0.7 SD

Rainfall

Estimations use IFLS survey weights. Standard errors are clustered by sub-district and birth year. Control
variables are average temperature in corresponding growth period, age when surveyed, female
household head, maternal age, indicators for parents highest level of education, household size, and
total health facilities in the communities.
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Table 6: Effects of Rainfall on Adult Mental Health, Rural vs Urban
(1)
Log CESD10
0.060
(0.088)

Depression
0.028
(0.046)

Effect of Age 1 Shock in Urban Communities

0.133*
(0.075)

0.046
(0.053)

Effect of Age 2 Shock in Urban Communities

-0.002
(0.055)

0.044
(0.038)

Effect of In Utero Shock in Rural Communities

-0.068
(0.063)

-0.018
(0.037)

Effect of Age 1 Shock in Rural Communities

0.165**
(0.069)

0.010
(0.032)

Effect of In Utero Shock in Urban Communities

(4)

Effect of Age 2 Shock in Rural Communities

0.097**
0.059*
(0.039)
(0.034)
Observations
3631
3631
R-squared
0.443
0.378
Survey Year FE
Yes
Yes
District x Birth Year FE
Yes
Yes
Control Variables
Yes
Yes
Community FE
Yes
Yes
Estimations use IFLS survey weights. Standard errors are clustered by subdistrict and birth year. Control variables are average temperature in
corresponding growth period, age when surveyed, female household head,
maternal age, indicators for parents highest level of education, household
size, and total health facilities in the communities.
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Table 7: Effects of Rainfall on Adult Mental Health, Male vs Female
(1)
Log CESD-10
-0.031
(0.056)

(4)
Depression
-0.002
(0.038)

Effect of Age 1 Shock for Men

0.096
(0.060)

0.028
(0.037)

Effect of Age 2 Shock for Men

0.035
(0.021)

0.020
(0.028)

Effect of In Utero Shock for Women

0.027
(0.084)

0.019
(0.042)

0.276***
(0.052)

0.039
(0.036)

Effect of In Utero Shock for Men

Effect of Age 1 Shock for Women

Effect of Age 2 Shock for Women

0.118*
0.118**
(0.063)
(0.043)
Observations
3631
3631
R-squared
0.445
0.380
Survey Year FE
Yes
Yes
District x Birth Year FE
Yes
Yes
Control Variables
Yes
Yes
Community FE
Yes
Yes
Estimations use IFLS survey weights. Standard errors are clustered by subdistrict and birth year. Control variables are gender, average temperature
in corresponding growth period, age when surveyed, female household
head, maternal age, indicators for parents highest level of education,
household size, and total health facilities in the communities.
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Table 8: Re-Examining the Impact of In Utero Shocks

Inutero Rain Above 0.7 SD

(1)
Log CESD10
-0.040
(0.053)

(2)
Log CESD10

(3)

(4)

Depression Depression
-0.008
(0.025)

Trimester 1 Rain Above 0.7 SD

0.032
(0.039)

0.011
(0.031)

Trimester 2 Rain Above 0.7 SD

0.008
(0.042)

0.001
(0.024)

Trimester 3 Rain Above 0.7 SD

-0.020
(0.035)

-0.018
(0.021)

0.164***
(0.054)

0.010
(0.033)

Age 1 Rain Above 0.7 SD

Age 2 Rain Above 0.7 SD

0.076*
0.055**
(0.037)
(0.025)
Observations
3631
3631
3631
3631
R-squared
0.403
0.407
0.378
0.337
Survey Year FE
Yes
Yes
Yes
Yes
District x Birth Year FE
Yes
Yes
Yes
Yes
Control Variables
Yes
Yes
Yes
Yes
Community FE
Yes
Yes
Yes
Yes
Estimations use IFLS survey weights. Standard errors are clustered by sub-district and
birth year. Control variables are average temperature in corresponding growth
period, age when surveyed, female household head, maternal age, indicators for
parents highest level of education, household size, and total health facilities in the
communities.
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Table 9: Exposure to the Economic Crisis and Adult
Mental Health
(1)
Log CESD-10
0.169
(0.184)

(2)
Depression
-0.023
(0.143)

Exposed to Crisis Age 1

0.085
(0.187)

-0.007
(0.143)

Exposed to Crisis Age 2

-0.057
(0.185)

0.060
(0.172)

Exposed to Crisis Inutero

Observations
5783
5783
R-squared
0.372
0.328
Survey Year FE
Yes
Yes
District x Birth Year FE
Yes
Yes
Control Variables
Yes
Yes
Community FE
Yes
Yes
Individuals are defined as exposed to the Indonesian
economic crisis if the dates of their respective growth
period coincides with the crisis. The period of the
Indonesian economic crisis is between December 1997
and December 2001 (Strauss et.al., 2004; Laeven and
Valencia, 2011). Estimations use IFLS survey weights.
Standard errors are clustered at the community level. All
estimations controlled for age when surveyed, female
household head, maternal age, indicators for parents
highest level of education, household size, and total
health facilities in the communities.
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Table 10: Rainfall Shocks and Community Epidemics
(1)

(2)

Dengue Fever
Epidemic

Malaria
Epidemic

0.062*

0.031*

(0.033)

(0.017)

Observations

1446

1446

R-squared

0.031

0.063

Province Fixed Effect

Yes

Yes

Year Fixed Effect

Yes

Yes

Yearly Rain Above 0.7 SD

Robust standard errors are clustered at the subdistrict level. Estimation is at
the IFLS community level. Estimation data are based on matches between
IFLS communities with PODES. Disease epidemic data are from PODES 2000,
PODES 2003, PODES 2006, PODES 2008, and PODES 2011. Estimations
control for average temperature in the given year.
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