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Materials and Methods

Health data. Mortality data is sourced from the DHS. The DHS conducts comprehensive household
and individual-level health surveys across over 90 countries, collecting information on infant and
child mortality from parents and adult mortality from siblings. It has been widely used for mortality-
related analyses, particularly in regions where more comprehensive data sources like those from
the Centers for Disease Control and Prevention (CDC) are unavailable (/). While the DHS may not
offer mortality records as detailed as the CDC'’s, it remains a valuable and feasible alternative for
studying mortality patterns in many low- and middle-income countries.

For each individual level death incidence, the dataset includes its location cluster and the exact
timing in terms of year and month. Table S1 summarizes the population size, period coverage,
and number of location clusters involved for each country sampled. The analysis includes data
on 3,360,451 individuals from 64,606 clusters, spanning the years 1963 to 2022 across the eight
countries (Philippines, Pakistan, Myanmar, Indonesia, India, Cambodia, Bangladesh, and Timor-
Leste) in South and Southeast Asia. We only use the DHS samples which provide corresponding

geographical information for each cluster.

Climate data. Climate data is obtained from the ERAS, which is produced by the Copernicus
Climate Change Service at the European Centre for Medium-Range Weather Forecasts. The ERAS
offers a global atmospheric reanalysis, covering climate data from 1940 onward. The raw ERAS
data provides hourly estimates of climate variables at a 0.25°x0.25° horizontal resolution. The
single-level atmospheric product of ERAS is used to generate the cluster-by-day climate factors.
For example, the temperature variable derived from single level ERAS represents the temperature
measured 2 meters above the land’s surface. Reanalysis data offers the advantage of uniform avail-
ability across time and space, minimizing measurement error related to cluster-level characteristics.

Due to these benefits, reanalysis data has been increasingly utilized in economic research (2).
Access to medical services and electricity. Access to electricity and medical services is self-

reported by respondents in the Demographic and Health Surveys (DHS). In each cluster, individuals

report whether their household has access to electricity and whether they face barriers to accessing
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medical care. These responses are aggregated to the cluster level to construct measures of basic

infrastructure access.

Transportation infrastructure. Transportation infrastructure is measured using road length data
derived from OpenStreetMap (OSM), sourced via the Geofabrik project. OpenStreetMap is a
collaborative, open-source geospatial database that provides detailed information on global trans-
portation networks and infrastructure. The dataset includes annual snapshots from 2014 to 2024,
though coverage varies by year and region. For this analysis, we use OSM data from Bangladesh,
Cambodia, India, Indonesia, Timor Leste, Myanmar, Pakistan, and the Philippines. Due to limita-
tions in community reporting, data are not consistently available for every year in all subnational

regions.

Green space. Green space is proxied using the Leaf Area Index (LAI), a globally consistent
remote sensing—based measure of vegetative cover. LAI captures the amount of leaf surface area
per unit of ground area and serves as a reliable indicator of greenness and natural shading. This
dataset includes complete geospatial coverage for all eight countries included in this study, allow-
ing for consistent cross-country comparisons of environmental greenness as a form of natural heat

mitigation.

Temperature Bin Model

We rely on the following fixed effects regression to identify the impact of temperature exposure on

infant mortality (3-6):

MTicym =a+ f(Tcym) + 7chm + nMicym + e+ pym + Eicym (S1)

where MT;.,, is adummy variable, indicating the mortality status of individual i living in cluster
¢ during year y and month m. It takes the value 1 if the individual died in cluster ¢ during year y
and month m according to the survey and 0 otherwise. X, represents a set of control variables
at the cluster-by-year-month level, such as precipitation in previous months and other time-variant
characteristics of the cluster. MT;,,, refers to a set of individual-level control variables. When

analyzing the infant temperature-mortality model separately, the analysis includes covariates such
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as maternal age, parental education, gender of child, multiple birth indicators and family size.

In the model, 7. and p,,, represent cluster fixed effects and year-month fixed effects, respec-
tively. Including cluster fixed effects can help control for time-invariant characteristics within each
cluster, which can confound the temperature-health relationship, such as culture factors, geoloca-
tion, elevation and many other long-term factors of the cluster. Year-month fixed effects control for
all time-variant common shocks affecting all clusters. In some specifications, the analysis further
controls for fixed effects using cluster-by-quarter birth dummies, denoted by A.yq, which eliminates
confounding factors that vary at the cluster-by-quarter level.

The temperature response function is represented by f(7.,,). For infant deaths, the model
focuses on daily temperature exposure during both the in-utero period and in the month of birth,
using linear models, higher-order polynomials and splines. Since the Demographic and Health
Surveys (DHS) data does not report the exact date of the mother’s last menstrual period to estimate
the date of conception, the analysis considers the nine months preceding the child’s birth as the

in-utero period. A widely used function form of f(7.,,,) is the binned model, expressed as:

F(Teym) = " BiTE,, (S2)
k

where Tf;,% indicates the number of days in a given location, month, and year (cym) where the
average daily temperature fell below 0 degrees, Tfyfﬁ represents the number of days with average
daily temperature in the (0, 3] interval, Tckyzn? for temperature in the (3, 6] interval, and so on. The
12-15 degrees temperature bin is the reference group, so the obtained coefficients of interest can be
interpreted as the effect on monthly health outcomes of an additional day spent in bin &, relative to

a day spent in the (12 °C, 15 °C] bin.
Cumulative Degree Days (CDD) Model

To specifically assess the impact of high temperatures, we use the Cumulative Degree Days (CDD)

model (7, 8):

MTicym = a + BT3¢ + 7chm + nMicym + e+ pym + Ejcym (S3)

where T30c measures the Cumulative Degree Days (CDD) greater than 30°C. T3gc can be
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illustrated by the following example: in Delhi in July 2005, if there were two days when the
temperature exceeded 30°C, with one day reaching 35°C and another 40°C, the cumulative degree

days over 30°C would be calculated as:

CDD = (35 - 30) + (40 — 30) = 15

Back-of-the-envelope Calculation
We estimate excess infant deaths attributable to elevated temperatures during the period 2001-2020,

using average temperatures from 1960-2000 as the reference baseline. Throughout this period, most
countries in South and Southeast Asia (SSEA) included in our study experienced higher annual
temperatures relative to the baseline (Table S5). To quantify the regional burden of temperature-
related infant mortality, we compare estimated infant mortality rates in the eight SSEA countries
under two scenarios: observed temperature conditions and a counterfactual scenario in which
temperatures remained at baseline levels, assuming no warming since 1960-2000. These estimates

are based on the following equations (9):

— —b
AIMRyy = MTy = MT,, = > > (T£,, = TED) « B (S4)
ny k

— . . . . ——=b
where MT),, denotes the observed infant mortality rate in country » in year y, and M7, denotes
the infant mortality rate if the mean temperature has remained unchanged compared to 1960 to

2020. To estimate W"

ny» We subtract the country-specific annual temperature anomaly (relative to

the 1960-2000 average) from the observed temperature for each year. This yields a counterfactual
temperature series in which no warming occurs. We then recalculate mortality rates using these
counterfactual temperatures, Tcky’f;l. AIMR,,, therefore, it refers to country-by-year level change in
infant mortliaty rate due to change in temperature.

Because DHS data are not available for all country-year combinations, we apply a linear
interpolation strategy. For countries with partial data, we interpolate within country and model
AIMRy, as a function of temperature variation, AT,,. For countries not included in the baseline
analysis, we impute missing values using the regional average across South and Southeast Asia.

Specifically, we estimate:
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AIMR,y = y1AT,y + yany + V3AT,y x 1y + &yy (S5)

where AT, denotes the temperature deviation in country n and year y from its baseline average,
1y indexes year, and &, is the error term.

After interpolating country-specific values of AIMR,,,, we compute total excess infant deaths
across the South and Southeast Asia (SSEA) region — 19 countries: Afghanistan, Bangladesh,
Bhutan, Brunei Darussalam, Cambodia, India, Indonesia, Lao People’s Democratic Republic,
Malaysia, Maldives, Myanmar, Nepal, Pakistan, Philippines, Singapore, Sri Lanka, Thailand, Timor-

Leste, and Viet Nam — as follows:
EIDy = )" Births,y * AIM Ry, (S6)
n

Supplementary Text 1: Literature Review

As global temperatures continue to rise due to anthropogenic climate change, understanding the
nature and health consequences of extreme heat has become increasingly urgent. This escalating
trend not only exacerbates existing vulnerabilities but also introduces complex new challenges
for public health. The physiological effects of heat on the human body are both profound and
multifaceted. Much like the Earth’s climate system, the human body depends on maintaining a
precise thermal equilibrium. Thermoregulation is achieved when heat gain is balanced by heat loss,
with core body temperature tightly regulated around 37°C (/0). However, exposure to extreme heat
disrupts this balance, placing increased strain on the cardiovascular and renal systems. Peripheral
vasodilation may lead to a drop in blood pressure, requiring the heart to work harder to maintain
circulation, while excessive sweating can result in dehydration, electrolyte imbalances (such as
hyperkalemia), and reduced plasma volume. These physiological stresses can induce oxidative
stress, increase intestinal permeability, and in severe cases, lead to systemic inflammation and
multi-organ failure.

The health consequences of heatwaves extend far beyond heatstroke. A growing body of evidence
links extreme heat to increased mortality and morbidity across a wide spectrum of conditions

(11, 12). The interplay between rising average temperatures and air quality is increasingly critical
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as higher temperatures and sunnier conditions intensify atmospheric chemical reactions, leading
to elevated concentrations of ground-level ozone—a pollutant with significant health impacts.
Ground-level ozone exacerbates respiratory and cardiovascular NCDs, placing those with chronic
obstructive pulmonary disease (COPD) at greater risk (/3).

Epidemiological studies document a U-shaped relationship between temperature and health,
where both extreme cold and heat are associated with elevated health risks (/4, 15). However,
extreme heat has particularly severe and immediate impacts on mortality across age groups (/1,
16, 17). Vulnerable groups, including the elderly, pregnant women, children, outdoor workers and
individuals with pre-existing health conditions, are disproportionately affected (17, 18).

Infants, in particular, are highly sensitive to temperature extremes due to their immature ther-
moregulatory systems and much narrower optimal body temperature range compared to adults (/9).
A case-crossover study conducted over 30 years in Montreal, Canada, examined the relationship
between ambient heat and Sudden Infant Death Syndrome (SIDS). The study found that daily
maximum temperatures exceeding 29°C were associated with a 2.78 times higher likelihood of
SIDS compared to temperatures of 20°C (20). Both elevated and low ambient temperatures pose
serious risks to neonatal health, as indicated by a study that analyzed data from 29 low- and middle-
income countries between 2001 and 2019. The study found that 4.3 percent of neonatal deaths were
associated with non-optimal temperatures, with 32 percent of these deaths attributable to climate
change (21).

The evidence linking heat exposure to adverse birth outcomes and infant mortality is growing.
In India, (22) found that exposure to high temperatures during pregnancy leads to an additional
two infant deaths per 1,000 births. Similarly, in a study conducted in Philadelphia, (23) reported
a 22.4 percent increase in infant mortality risk for every 1°C rise in minimum daily temperature
above 23.9°C. Research conducted in Sweden found that an increase in temperature from 14.5°C
to 20°C was associated with a 25 percent rise in neonatal mortality, suggesting that even moderate
temperature increases can significantly impact infant health (24). These findings, covering diverse
geographic and socioeconomic settings, highlight the critical need to consider temperature extremes
when evaluating and safeguarding infant health outcomes globally.

Despite its vulnerability, the South and Southeast Asia (SSEA) region remains understudied

in this literature. While country-specific studies have been conducted in India, Pakistan, Thailand,
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Bangladesh, the Philippines, and Viet Nam (/2, 18, 25-28) , most of these studies focus on a single
country or a few cities. The lack of comprehensive analysis across the entire SSEA region leaves
a significant gap in understanding the regional-scale health impacts of extreme heat, as well as the
broader social and economic implications of inaction.

Historically, medical and public health interventions have focused primarily on individuals,
their biology and behaviors. However, research increasingly shows that this approach is often inef-
fective, as people’s choices are heavily influenced by their surrounding environments and contexts.
For example, infrastructure is crucial across many sectors, yet infrastructure interventions remain
an understudied area with significant potential to mitigate health risks from climate-related haz-
ards (29). In response to the growing threat of extreme heat, developing sophisticated infrastructure
and adaptation strategies is essential. Effective interventions include adopting advanced cooling
technologies and building cooling centers, ensuring a reliable power grid for uninterrupted elec-
tricity supply, increasing accessibility to healthcare services, improving public transportation and
enhancing urban green infrastructure (30-33).

Green infrastructure, which involves integrating nature-based solutions into urban planning
and built environments to deliver environmental, social and economic benefits, such as strategic
networks of green spaces, contributes significantly to ecosystem-based adaptation. For example,
forms of urban agriculture can reduce physiological equivalent temperature by 10 to 13 percent (34).
These adaptation strategies not only aim to protect human health and well-being but also contribute

to the overall resilience of urban and rural environments in the face of escalating climate challenges.

Supplementary Text 2

CDD model results on the relationship between in utero temperature exposure and infant mortal-
ity — Robustness Checks by alternative fixed effects choices. Table S2 provides robust evidence
of a significant positive relationship between in utero exposure to high temperatures and infant
mortality using the Cumulative Degree Days (CDD) model. Across all five model specifications,
the coefficient for CDD exceeding 30°C remains positive and statistically significant, ranging from
0.025 to 0.029. The inclusion of various control variables, such as individual, family, and fixed

effects (including cluster and birth year-month fixed effects), reinforces the robustness of the re-
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sults. These consistent findings across different model specifications suggest a causal link between

high-temperature exposure during pregnancy and increased infant mortality risk.
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Figure S1: Climate Change in SSEA: Average Temperature in 1960 vs. 2023
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Table S1: Summary Statistics for Selected SSEA Countries

Country Population Period Coverage Number of Clusters Urban Clusters
Panel A. South Asia

India 2,579,752 1970-2021 57,389 44.9%
Pakistan 88,970 1970-2018 1,246 43.7%
Bangladesh 233,294 1963-2018 1,129 44.4%
Panel B. Southeast Asia

Burma (Myanmar) 22,989 1980-2016 441 27.7%
Cambodia 185,642 1965-2021 1,147 42.6%
Timor-Leste 64,620 1974-2016 552 31.0%
Indonesia 35,238 1965-2003 572 44.4%
Philippines 149,946 1968-2022 2,130 45.8%

Notes: Authors’ calculations based on data from the DHS. Only DHS samples with available
corresponding geographical information are included in the analysis.
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Table S2: Effects of In Utero Temperature Exposure on Infant Mortality — Robustness Checks by
Alternative Fixed Effects Choices

(1) (2) (3) “4) S

CDD Exceeding 30°C 0.018** 0.019%* 0.019%* 0.018%** 0.021%*

(0.009) (0.008) (0.007) (0.009) (0.010)
R-Squared 0.701 0.737 0.813 0.840 0.861
Observations 3,360,451 3,360,451 3,360,451 3,360,451 3,360,451
Number of Clusters 64,606 64,606 64,606 64,606 64,606
Individual Controls No Yes Yes Yes Yes
Family Controls No No Yes No Yes
Control for Air Pollution No No No Yes Yes
Control for Humidity No No No No Yes
Birth Year-Cluster Fixed Effects Yes Yes Yes Yes Yes
Birth Month Fixed Effects Yes Yes Yes Yes Yes

Notes: This table presents the effects of in utero temperature exposure on infant mortality, with
robustness checks using different fixed effects specifications. Coefficients represent the impact
estimates; standard errors are in parentheses. Significance levels are denoted as: *** p < (.01, **
p <0.05 *p <0.1
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Table S3: Impact of In Utero Temperature Exposure on Infant Mortality (CDD model with alter-
native temperature thresholds)

(1) (2)
Cumulative Degree Days (CDD) > 33°C  0.030%**  (.032%**
(0.010) (0.008)
Cumulative Degree Days (CDD) > 27°C  0.018** 0.017%**
(0.007) (0.007)
Cumulative Degree Days (CDD) > 24°C ~ 0.012* 0.010
(0.006) (0.008)

Cumulative Degree Days (CDD) > 21°C 0.007 0.008
(0.005) (0.007)
Cumulative Degree Days (CDD) > 18°C 0.002 0.003
(0.007) (0.007)
Observations 3,360,451 3,360,451
Number of Clusters 64,606 64,606
Individual Controls Yes Yes
Family Controls Yes Yes
Cluster FE Yes No
Birth Year-Month FE Yes No
Birth Year-Cluster FE No Yes
Birth Month FE No Yes

Notes: Each cell represents a separate regression. Standard errors clustered at the DHS level are
reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table S4: Effects of In Utero Temperature Exposure on Infant Mortality: by Country Estimation

India Pakistan Bangladesh Burma Cambodia Timor-Leste Indonesia Philippines

10% Percentile Days 0.110*%*  0.130%* 0.095**  0.170*%*  0.120%* 0.140%*%* 0.115%* 0.125%%*

(0.055) (0.075) (0.048) (0.068) (0.062) (0.070) (0.060) (0.060)
10% Percentile Temperature 30.2 29.0 29.2 27.3 30.8 31.7 28.1 28.5
Observations 2,579,752 88,970 233,294 22,989 22,989 64,620 35,238 149,946
Number of Clusters 57,389 1,246 1,129 441 441 552 572 2,130
Individual Controls Yes Yes Yes Yes Yes Yes Yes Yes
Family Controls Yes Yes Yes Yes Yes Yes Yes Yes
Cluster Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Birth Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Each column represents a separate country-level estimation. Standard errors clustered at the DHS cluster level are reported in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1



Table S5: Annual Temperature Anomalies Relative to 1960-2000 Baseline (°C)

Year SSEA  Indonesia India Cambodia Myanmar Pakistan Philippines Bangladesh  Timor-Leste
1960-2000 (Reference) 24.2 24.5 23.9 26.7 23.0 20.1 25.4 25.0 24.3
2001 0.4 0.5 0.2 0.7 0.4 0.9 0.4 0.2 0.1
2002 0.7 0.6 0.6 1.1 0.4 1.1 0.5 0.2 0.3
2003 0.5 0.6 0.3 0.8 0.5 0.5 0.4 0.2 0.4
2004 0.5 0.6 0.3 0.8 0.2 1.2 0.4 0.3 0.2
2005 0.6 0.6 0.3 0.7 0.9 0.1 0.6 0.6 0.6
2006 0.6 0.6 0.5 0.8 0.5 1.1 0.7 0.8 -0.1
2007 0.5 0.6 0.4 0.5 0.3 0.7 0.7 0.3 0.3
2008 0.3 0.4 0.2 0.2 0.3 0.5 0.4 0.4 0.3
2009 0.6 0.8 0.9 0.3 0.9 0.9 0.5 0.9 0.4
2010 1.0 0.9 0.8 1.2 1.1 1.1 0.9 1.0 0.7
2011 0.3 0.6 0.2 0.5 0.3 0.7 0.4 0.2 0.1
2012 0.6 0.7 0.3 1.1 0.7 0.1 0.6 0.3 0.1
2013 0.6 0.8 0.1 0.8 0.7 0.6 0.7 0.3 0.5
2014 0.6 0.9 0.4 0.8 0.9 0.3 0.5 0.4 0.3
2015 0.8 1.0 0.6 1.4 0.7 0.5 0.8 0.4 0.3
2016 1.2 1.3 1.0 1.4 0.9 1.4 1.1 0.9 1.2
2017 0.8 1.0 0.9 0.9 0.8 1.2 0.7 0.5 0.7
2018 0.8 1.0 0.7 1.0 0.5 1.3 0.9 0.3 0.7
2019 0.9 1.1 0.6 1.4 1.0 0.5 1.0 0.7 0.5
2020 0.9 1.2 0.3 1.0 1.0 0.4 1.0 0.4 0.9

Notes: This table reports annual average temperature anomalies (in °C) for South and Southeast Asia (SSEA) and selected countries from 2000 to
2020, relative to the 1960-2000 climatological baseline. For each country, the anomaly is calculated as the difference between the annual average
temperature and the corresponding 1960-2000 mean. The 1960-2000 and 2000 values represent baseline and transition levels, while values from
2001 onward indicate annual deviations from the baseline.
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