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Abstract
This research examines whether high temperatures and exposure to childhood rainfall and
heat shocks are a cognitive drag on children in Uganda. First, it asks whether students
perform worse on a test on hotter days. Second, it examines whether previous longer-
term exposure to high temperatures and unusual rainfall influences current test scores and
educational outcomes. The analysis shows that high temperatures on test dates harm test
performance, especially for girls and children younger than ten, implying additional temper-
ature control considerations for particular demographics. The analysis of childhood climate
shocks, which employs within-parish distributions of rainfall and heat, shows that children
who experience rain or heat above the 80th percentile of the parish distribution from birth
until age 4 have worse learning outcomes in math, English, or local language literacy.
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1. Introduction
Climate change is real, and the effect is felt globally. The Intergovernmental Panel on
Climate Change (Panel on Change , IPCC) reports that “each of the last four decades has
been successively warmer than any decade that preceded it since 1850”.However, there is
scant evidence about the impact of climate change on learning outcomes in low-income
countries, especially in Africa. Given the centrality of human capital to development
trajectories (Lucas, 1988; Hanushek, 2016), research is necessary to unpack the effects
of climate shocks on human capital and understand the effect of potential mediators
available to households to adapt to such shocks.

Thus, this paper asks whether high temperatures and exposure to climate shocks in
childhood are a cognitive drag on children of elementary and early secondary school age
inUganda. First, it asks whether students performworse on a test on hotter days. Second,
it asks whether previous longer-term exposure to high temperatures and unusual rainfall
in early childhood influences current test scores and other human capital measures, such
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as whether a child is in the proper grade for their age. Finally, given that different people
may have different thermal reactions to the same thermal environment (Zarghami et al.,
2022), this paper explores interesting dimensions of heterogeneous effects of test date
temperature among children, including age, gender, and socioeconomic status. Impor-
tantly, this paper also asks whether participation in extracurricular instruction provided
to students buffers the effect of test date temperature on test outcomes for those who
participate in such instruction.

This paper contributes to the literature (see Cho, 2017; Graff Zivin et al., 2020;
Park, 2020; Garg et al., 2020; Li and Patel, 2021; Roach and Whitney, 2022; Zhang
et al., 2024) on the effect of heat and human capital by generating new knowledge on
the impact of heat on cognition in an ordinary setting in a tropical and low-income
context. Additionally, this study is the first to distinguish the effect of heat on a lit-
eracy test conducted in English versus that conducted in the local language, which is
not subject to cross-language processing delays for students whose mother tongue is
not English and may best capture general language proficiency for younger children
(Knauer et al., 2019). This distinction matters in this context, as the result shows that,
although there are no average effects of test date temperature on English literacy, test-
ing on any day with a temperature above 28◦C reduces learning outcomes in the local
language.

The second research strand this paper addresses is research about the effect of early
life exposure to climate shocks on children’s human capital (for example, see Maccini
and Yang, 2009; Cornwell and Inder, 2015; Shah and Steinberg, 2017; Rosales-Rueda,
2018). This work is inspired by theoretical predictions that exposure to adverse shocks
in childhood has a statistically and economically significant adverse effect on human
capital (Isen et al., 2017; Almond et al., 2018). Thus, we present the first estimates of the
short- and long-term effects of temperature onmath, English, and local language literacy
in an African setting for children of elementary school age.

Empirically, the paper combines learning outcome data from the UWEZO learning
assessments in East Africa, which are annual surveys that measure children’s literacy
and numeracy skills in Uganda, with the Climate Hazards Group InfraRed Temperature
with Station data (CHIRTS) daily temperature data and and Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS) precipitation data from the Climate
Hazard Centre at the University of California, Santa Barbara. The relationship between
weather and learning outcomes is analyzed using temperature conditions on the test date
at the parish level, which is the fourth administrative level in Uganda, while controlling
for typical weather patterns using parish-year fixed effects. We account for a nonlinear
relationship between temperature and test scores by employing five bins representing
daily mean temperatures.

Additionally, we conduct a heterogeneous analysis of the impact of test date temper-
ature given that the effects of climate shocks could vary by sex due to physiological or
sociocultural factors. For instance, there have been studies documenting that girls suffer
highermortality from floods (Pradhan et al., 2007), and experimental studies have docu-
mented gender differences in cognitive performance after exposure to high temperatures
(Chang and Kajackaite, 2019). Children’s response to stressors vary by what is adaptive
to them depending on their background characteristics (Heissel et al., 2020). Therefore,
as extracurricular activities, including extra tutoring, are associated with skills such as
test persistence (Covay and Carbonaro, 2010) and better coping with stress (Heaslip
et al., 2021), we check if participation in extra learning has a heterogeneous impact when
children experience heat stress during their tests.
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This paper finds that high temperatures on exam dates are associated with worse test
performance in the local language for all children and all subjects tested for girls and
children younger than ten. For example, girls’ scores decrease additionally by about 1 per
cent and 3 per cent in math, in addition to the girl-boy differential, when they take tests
on days with temperatures within (32,34]◦C and days with temperatures above 34◦C,
respectively, compared to days with maximum temperature in the (23,28]◦C category.
Similarly, children younger than ten score additionally about 4 per cent and 8 per cent
worse in math when tested on the hottest days with temperatures within (32,34]◦C and
above 34◦C, respectively, compared to dayswithmaximum temperature in the (23,28]◦C
category. These findings imply a need for temperature control considerations for partic-
ular demographics. The results on the effect of test date temperature are generally in line
with previous studies; however, we provide two additional findings. First, the analysis
shows that although children from households with high socioeconomic status perform
better on tests on average, they performworsewhen tested on the hottest days, suggesting
that access to heat mitigation technology may make a child more susceptible to thermal
stress. Socioeconomic status ought to mediate heat stress by making access to cooling
technology likelier.1 However, children from high socioeconomic households may per-
form worse than others in conditions where that technology is not in use, for instance,
when taking tests in the open, as was typically done in this case.

Second,we show that participating in extra instruction before the testsmay have some
protective effect on the impact of heat on math scores, as children who undergo addi-
tional learning outside of school perform better in math and local language when tested
on days with temperatures above 34◦C. Overall, these heterogeneous effects show that
exposure to extreme heat harms all children irrespective of economic status, although
ex-ante2 strategies such as extra learning opportunities may temper the impact of heat
stress.

In the estimates of the long-run impact of unusual temperature and rainfall, we utilize
within-parish deviations in annual temperature and precipitation by defining positive
and negative shocks as temperature and precipitation above the 80th percentile and in the
20th percentile, respectively, of the parish’s long-term rainfall and temperature. Thus, we
utilize within-parish variation in annual temperature and rainfall to identify children
who experience climate shocks in early childhood from the in utero period up to age 4.

The results show positive rain shocks from in utero until age 4 reduce test scores
in math, English, and the local language. On the other hand, experiencing heat shock
in utero has some positive effects on test scores in some instances, while heat shocks
experienced above age 1 are unequivocally detrimental to test scores inmath andEnglish.
These results are generally robust to utilizing household fixed effects instead of parish
fixed effects, clustering at a higher geographic level, and defining the shock at a larger
geographic scale, i.e., at the district level. In this analysis, we have defined a positive
rain shock as rainfall above the 80th percentile and found negative results on learning
outcomes in math and English, which is contrary to the finding from India that children
score 0.012–0.04 points higher onmath or reading tests for each year of favorable rainfall
compared to drought years (Shah and Steinberg, 2017). However, when the threshold for

1In the data, not all households with high socioeconomic status report having electricity. Only 20 per
cent do, compared to 11 per cent in the overall sample.

2To be sure, parents did not provide extra learning opportunities as a way to cope with climate change.
However, we hypothesize that the additional human capital accumulated from the extra instruction may
lessen the negative impact that testing on an unusually hot day has on cognition.
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defining a positive shock is above themedian of the long-termwithin-parish rainfall, the
effects of childhood rainfall shocks experienced in utero until age four are positive. This
result and other analyses suggest that the threshold for defining a positive rainfall shock
differs by context.

2. Background
2.1 Literature review
A nascent literature examines the impact of temperature on learning outcomes. For
example, hotter school days (Park et al., 2020), and test date temperature in high stakes
exams have been associated with cognitive decline (see Cho, 2017; Park, 2020; Graff
Zivin et al., 2020; Roach andWhitney, 2022) in Korea, the United States and China and
have negligible effects on test scores in Brazil (Li and Patel, 2021). However, most of this
research uses the learning outcomes from tests administered at school and in exam set-
tings. The few studies that have examined the effect of high-temperature exposure on
cognition in household settings have found adverse effects of test date heat on teenage
and adult populations onmath scores in China (Zhang et al., 2024) and theUnited States
(Graff Zivin et al., 2018). Also, using similar test measures of learning, Garg et al. (2020)
find that the previous year’s temperature affects children’s math and reading scores in
India.

Nonetheless, some important questions remain unanswered: first, how generalizable
are the findings on the effect of contemporaneous heat and long-run climate change
on learning in the African context, where the climate is primarily tropical and where
ongoing non-climate vulnerabilities to poverty exacerbate vulnerability to climate? For
instance, World Bank Group (2023) estimates that 45 per cent3 of people have access to
electricity in Uganda, compared to 100 per cent in China and the United States. Further-
more, the African context is peculiar because it is characterized by limited uptake and
use of formal climate information services in adaptation and response to climate shocks.
In addition to socioeconomic differences from the rest of the world, the climate in Africa
is peculiar. Although it is the region with the least greenhouse gas emissions, it is pre-
dicted to suffer the most disruptions due to climate change (Fonjong et al., 2024). For
example, In recent decades, the East African region has experienced a lot of variation in
precipitation, including alternating seasons of droughts and floods. The study context,
Uganda, has a tropical climate and experiences moderate temperature variations within
a year; however, data from the EM-DAT shows that it experienced 15 floods and five
droughts between 1990 and 2010.Moreover, research on other outcomes has shown that
data from wealthier countries tend to underestimate climate impacts on poorer regions
(Carleton et al., 2022).

Second, there is no evidence about how ex-ante coping strategies to boost children’s
learning mitigate the effect of exposure to climate shock. Third, the paper that the short-
term analysis in this workmost closely relates to, based on data fromChina (Zhang et al.,
2024), finds no effect on verbal scores measured by word recognition tests and excludes
children younger than ten years old, thereby raising the question of how heat affects the
cognition of the youngest children and other forms of literacy. This paper contributes to
some of these gaps.

3This estimate is likely skewed by urban households, as only 11 per cent of households in the data used
in this paper report electricity ownership.
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Likewise, a rich literature examines the effect of long-term shocks on children’s
human capital. For instance, variable rainfall (Cornwell and Inder, 2015; Kien and My,
2021), and floods in utero (Rosales-Rueda, 2018) have been shown to have adverse effects
on children’s health and cognitive outcomes. Also, using a similar measure of cognition
as in this paper, Shah and Steinberg (2017) finds that positive rainfall shock experienced
in utero up to age two increases cognition as measured by test scores in English and
mathematics. Nonetheless, the findings on long-term climate effects are mixed. Studies
have found that long-term effects are relatively muted compared to short-term impacts
(Graff Zivin et al., 2018; Garg et al., 2020). Moreover, this literature mostly comes from
Asian countries and focuses on educational attainment (Maccini and Yang, 2009; Ran-
dell and Gray, 2019; Le and Nguyen, 2023). In Kenya, Nübler et al. (2021) examine the
effect of childhood rainfall shocks on adolescent girls in a pastoralist setting and find
that it decreased achievement in math and English. This research expands the coverage
demographically by including primary-aged children, boys, and all regions in Uganda in
the analysis. Additionally, this work is the first to examine the effect of childhood heat
shocks and rainfall shocks on learning outcomes in an African setting.

2.2 Mechanisms
There are different mechanisms through which heat could affect children in the short
and long term. In the short term, heat stress on the test date has been shown to have
a cognitive impact on children. This could be due to the effect of heat on physiologi-
cal factors, including arterial blood oxygen saturation level (Lan et al., 2022) and brain
temperature (Yablonskiy et al., 2000), which is related to cognitive performance. In the
long term, young children, particularly those below the age of five, may be affected by
exposure to extreme weather shocks via physiological, socioeconomic, environmental,
and parental pathways. In the case of prolonged exposure to high temperatures, chil-
dren can suffer heat strokes, which are especially harmful to growth and development
during critical periods of vulnerability, including gestation, when vital physiological sys-
tems are developing, and early childhood,when the immune and central nervous systems
are developing (Bennett and Friel, 2014). Weather shocks could affect children’s cog-
nition via low or damaged crop yields in agricultural settings (Schlenker and Lobell,
2010), which could lead to changes in household income (Matyas and Silva, 2013), food
availability and related undernourishment, which has been shown to affect later life out-
comes (Maccini and Yang, 2009). This mechanism may especially be salient in Uganda,
where over 80 per cent of the population is engaged in agricultural activities, and the
Agricultural sector contributes up to a quarter of the country’s aggregate output.

With regard to precipitation, in tropical African countries, high and heavy rainfall
is associated with a rise in vector-borne diseases, such as dengue fever and malaria,
which is associated with cognitive declines in some cases (Boivin, 2002; Carter et al.,
2005).4 Also, high and low rainfall extremes have been associated with a rise in diar-
rhoeal disease (Hashizume et al., 2007). In addition to direct effects, children could be
indirectly affected by extreme climate shocks through intergenerational effects because
of their dependence on adults. For instance, mothers who themselves suffer any adverse
impact of climate shock could transmit the effects genetically to their unborn children
or through the quality of nurture they provide their young children. Although this paper

4According to theWorldHealthOrganisation, African children bear themost significantmalaria burden,
with over 90 per cent of the global malaria cases reported in the region.
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does not examine mechanisms empirically, the mechanisms lead one to expect that the
impacts of transient test date temperature, which primarily affects children physiolog-
ically, are likely to be different from exposure to adverse climate shocks in childhood,
which could affect children via multiple pathways.

3. Data andmethodology
3.1 Learning outcomes data
The human capital and socioeconomic measures come from the child- and household-
level data from the UWEZO East Africa citizen-led assessment, covering Uganda from
2010 to 2015. UWEZO is an adaptation of ASER, an education survey developed by
Pratham in India that conducts learning assessments nationally. In Uganda, in rounds
2012 and 2015, the tests were also administered in four local languages, including Ateso,
Leblango, Luganda, and Runyoro (ACER, 2014).5

The data represents a cross-section of students aged 6 to 16 whowere examined using
a grade 2-level curriculum and home surveys. Grade 2-level curriculum is used as it coin-
cides with the age at which children are expected to have mastered basic literacy and
numeracy skills. For all the relevant years, enumerators visited all census districts in each
county. They sampled 30 villages within each district using probability proportional to
size, with 20 households sampled in every village using systematic random sampling.
Then, each child within the target population in a household is surveyed and tested at
the child’s home, regardless of whether the child is enrolled in school or not.

Children are typically visited by test-takers recruited from close communities and
tested in math, English, and local language literacy. A child is assigned a score on a
test based on the number of questions on a test that they answer correctly. In math,
the competencies tested are counting, numbers, addition, subtraction, multiplication,
and division. In the English language, the levels are letter, word, paragraph, and story.
Similarly, in the local language, the levels are syllables, words, paragraphs, and stories.
Other child variables collected include age, gender, and type of school attended. In addi-
tion, household information collected has parents’ age and years of education completed,
household size, number of children within a household, asset ownership, and gender of
the household head.

The sample used in this paper includes children for whom reliable test dates and GPS
information are available, i.e., for years 2010, 2011, 2012, and 2015.

3.2 Weather and climate data
Geographically, Uganda has the following spatial classifications in descending order:
region, district, county, sub-county, parish, and village. In 2014, the National Popula-
tion andHousingCensus ofUganda revealed that the average population in a district was
about 240,000. More than half of the sub-counties had a population of fewer than 25,000
persons, while parishes have about 4,000 people on average. Therefore, we use unique
parish, sub-county, and district names to identify the longitude and latitude of children
at the parish level. The GPS information for parishes was then used to obtain the daily
maximum temperature, relative humidity, and rainfall data measured in degrees Celsius

5The number of children with local language test scores is lower than that of other tests because it is
only administered in two out of the four years in the data. The tests are only administered to the subset of
children who speak that language.
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and millimeters, respectively, from CHIRTS and CHIRPS daily data from the Climate
Hazard Centre (CHC) at UC Santa Barbara. The CHC data has a spatial scale of about
0.05◦x 0.05◦, representing about 5 km by 5 km.

3.3 Data overview
Table 1 shows an overview of the outcome variables and the child and household controls
used in the analysis. The average child in the data is 10.6 years old and is in the 3rd grade.
Sixty-one per cent and 11 per cent of households have telephones and electric assets,
respectively. The average child scores 4 inmath and about 3 in English and local language
tests, respectively, corresponding to the ability to add and read words.

3.4 Construction of variables
The learning outcomes measured are children’s performance in math, English, and local
language literacy tests. Also, the long-run estimations look at the probability of a child
being “ontrack” in school. Ontrack is defined as the difference between a child’s age and
grade being at most 6; one reason for using this definition is that it can be seen as a stock
variable of human capital that shows how enrolment and advancement have evolved
until a child’s current grade. The short-run analysis of the effect of test date temperature
uses the maximum daily temperature as the measure of temperature. The maximum
daily temperature ranged from about 19 to 39◦C in the years in the sample.

Long-run temperature and rainfall shocks for a child are based on deviations from the
annual long-run average temperature and rainfall over almost three decades from 1985
to 2015. A parish is designated as having a heat shock in a given year if the annual tem-
perature is in the 80th percentile of the long-run temperature in the parish. In contrast, a
cool year is defined as having a yearly temperature in the 20th percentile of the long-run
temperature. Hence, the variable Temperature Shock at period t is coded one (1) if the
annual temperature is in the 80th percentile of the distribution of the parish’s long-run
temperature and coded−1 if the annual temperature is in the 20th percentile. Any other
case is coded as zero. Climate shocks are defined in 6 periods, i.e., t=-1,0,1,2,3,4, where
t=0 is the year a child was born, that is, the birth year. The birth year variable is con-
structed by subtracting the survey year from a child’s age. Hence, the in utero period is
the year preceding the birth year.

3.5 Empirical framework
3.5.1 Short-term effects of test date temperature
To empirically determine the effect of high temperatures on test scores, the analysis
exploits the plausible exogeneity of test date temperature given that the tests are admin-
istered without prior notice of the exact day to the households. It uses a fixed effect
regression to compare outcomes between children living in the same parish and tested
in the same year but who take the tests on different days. Hence, it utilizes variations in
children’s test dates within a parish in a year. The primary treatment variable is test date
temperature, while the outcomes are test results in math, English, and local language
literacy for children aged 6–15, measured at the individual child level. This estimation
strategy implicitly assumes that the dailymaximum temperature of the test date indicates
the temperature around the time the child took the test, which is plausible given that the
tests are administered during the day. Realistically, households have priors about their
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Table 1. Summary table

Mean SD Min Max Count

Dependent variables

Math 4.38 2.24 1.00 7.00 186359

English 2.83 1.52 1.00 5.00 185500

Local language 2.86 1.84 1.00 6.00 40390

Ontrack (age-grade is at most 6) 0.40 0.49 0.00 1.00 187767

Child and household controls

Age 10.67 2.97 6.00 16.00 187767

Grade 3.53 2.11 1.00 13.00 187767

Female 0.49 0.50 0.00 1.00 187767

Household size 7.30 3.03 1.00 52.00 187767

Household head is female 0.35 0.48 0.00 1.00 187767

Age of household head 43.49 12.72 15.00 100.00 187767

Mother’s education 0.92 0.63 0.00 3.00 187767

Household has electricity 0.11 0.31 0.00 1.00 187767

Household has telephone 0.61 0.49 0.00 1.00 187767

Child partakes in extracurricular instruction 0.20 0.40 0.00 1.00 163785

Rainfall and temperature summary statistics

Rainshock in utero 0.25 0.56 −1.00 1.00 187767

Rainshock in birth year 0.22 0.55 −1.00 1.00 187767

Rainshock at age 1 0.20 0.54 −1.00 1.00 187767

Rainshock at age 2 0.17 0.54 −1.00 1.00 187767

Rainshock at age 3 0.10 0.54 −1.00 1.00 187767

Rainshock at age 4 0.07 0.53 −1.00 1.00 187767

Heat shock in utero 0.02 0.56 −1.00 1.00 187767

Heat shock in birth year 0.08 0.57 −1.00 1.00 187767

Heat shock at age 1 0.13 0.57 −1.00 1.00 187767

Heat shock at age 2 0.12 0.59 −1.00 1.00 187767

Heat shock at age 3 0.12 0.61 −1.00 1.00 187767

Heat shock at age 4 0.12 0.62 −1.00 1.00 187767

Maximum test date temperature 30.70 2.92 18.82 39.81 187767

Test date rainfall 3.79 4.75 0.00 36.76 187721

Test date humidity 61.98 12.09 22.57 100.00 187767

Notes: SD: standard deviation. Math, English, and local Language are based on tests administered by UWEZO to children
at home. Mother’s education is coded 0 “None,” 1 “Primary,” 2 “Secondary,” 3 “More than Secondary.”.
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Figure 1. Average maximum daily temperatures by year.

location’s climate (Ortiz-Bobea, 2021), and the average monthly maximum temperature
is around 30◦C in Uganda (see figure 1 for the annual average maximum tempera-
tures recorded for the locations in the dataset) year round.6 However, the daily weather
fluctuations via temperatures we measure will likely be unexpected. Hence, the regres-
sions include parish-year fixed effects for the local region’s climate and socio-political
conditions in a given year, as well as the month in which a parish is tested in a given
year.

The regressions also control for test date rainfall and relative humidity. The regression
equation is:

Yijt =
K∑

k=1

βkTk
ijt + Xijtβ + τtj + εijt , (1)

where Y is an outcome for child i in parish j in survey year t, Tk
ijt is the kth bin of

daily maximum temperature. The test date temperature is binned into the following
five bins: <= 28, (28, 30], (30, 32], (32, 34], and > 34◦C. By utilizing bins, the esti-
mation departs from a linearity assumption of the effects of temperatures on human
capital. Child characteristics, including the age, grade, and gender of the child, the age
and gender of the household head, the mother’s education, and household assets, are
included in the vector X. At the same time, parish-year fixed effects are denoted as τtj.
The coefficient βk on the temperature bins Tk

ijt can be interpreted as the effect of test-
ing on a day with temperature within a specific bin compared to an omitted bin. In the

6The hottest months in Uganda are typically the earliest, i.e., January and February. Interestingly, the
school year typically starts in February and ends in December.
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regressions, the omitted bin is the (23,28]◦C bin, chosen because it includes the typical
daily temperature in Uganda and the optimal temperature for work (López-Sánchez and
Hancock, 2018).

To examine the heterogeneous effect of temperature on human capital, the tem-
perature dummies interacted with variables Ci representing the heterogeneous dimen-
sions of the child or household, i.e., age, gender, household socioeconomic status, and
participation in extracurricular instruction. In this case, the regression equation becomes

Yijt =
K∑

k=1

βkTk
ijt +

K∑

k=1

βcTk
ijt ∗ Ci + Xijtβ + τtj + εijt . (2)

Here, one would interpret the coefficient on the temperature bins βk as the effect of
exposure to high temperature without the individual characteristic Ci. In contrast, the
interaction termβc coefficients will signify the differential impact of temperatures within
a particular bin compared to days withmaximum temperature in the (23,28]◦C category
on thosewith that characteristic or asset compared to childrenwithout the characteristic.

One concernwith identification is that high temperaturesmay affect the performance
of the test administrators, who may misreport student performance in these tests. How-
ever, this measurement error source is unlikely since data collectors follow rigorous
training, visit households in pairs, and are supervised by a field supervisor who validates
data entries periodically.

3.5.2 Long-term effects of childhood rainfall and temperature
To examine whether climate shocks in early childhood have long-term effects, we deter-
mine whether a child experienced abnormal rainfall or heat in early childhood, from
the in utero period until age 4. Thus, we use lagged climate shocks to assess the effect
of early-life rainfall and heat on current human capital outcomes. A climate shock in
each of those years is defined as experiencing a childhood period in a year with average
annual rainfall in the left (20th) and right (80th percentile) tails of the parish’s long-run
rain (calculated over about three decades) and temperature distribution. Following Shah
and Steinberg (2017), we denote a positive rain shock as 1 if rainfall is in the 80th per-
centile and above, as −1 if rainfall is in the 20th percentile, while any other case is coded
as 0. Temperature shocks are defined similarly. We denote a heat shock 1 if the average
annual temperature is in the 80th percentile and above, as−1 if the temperature is in the
20th percentile, while any other case is coded as 0.

The results of experiencing temperature and rainfall shocks in early childhood are
presented separately, given that studies have demonstrated their different impact on out-
comes in the African context (Burke et al., 2009).7 We check if experiencing temperature
shocks in each period is correlated with experiencing a rainfall shock and find that, on

7Using similar data, in other work, we have examined the impact of exposure to the terrorist group, the
Lord’s Resistance Army (LRA), on children’s learning outcomes in Uganda and found significant adverse
effects of exposure to conflict on children’s learning outcomes (Olurotimi, 2023). Also, given that (Burke
et al., 2009) finds that rising temperature increases the risk of conflict in Africa, one may worry that conflict
is an important omitted variable that may bias the results. To assuage this concern, we find less than 0.01
correlation between experiencing temperature shocks from in utero until age four and being in a parish that
experienced LRA conflict. Second, the results are unchanged when one controls for whether a parish was
exposed to LRA conflict.
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average, there is aweak negative correlation (−0.3) (see tableA10 in the online appendix)
between experiencing positive rain shock and high heat in the same year. Also, we do not
find statistical evidence that experiencing the same type of shock in a year strongly cor-
relates with experiencing the same shock the following year. The effects of long-term
climate shocks are estimated using the following equation:

Yijyt = βlθjk + Xijytβ + τt + δy + ηj + εijyt , (3)

where Y is an outcome for child i in parish j , born in year y and surveyed in year t, θjk are
rainfall or temperature shocks from in utero to age 4 (k = −1, 0, 1, 2, 3, 4). All variables
remain as defined in equation (1) except for δy, which represents birth year fixed effects.
Our primary variable of interest,βl, shows the impact of rainfall shock relative to a typical
year, and 2βl is the impact of experiencing a rainfall shock relative to a drought year.
In the case of temperature shocks,βl shows the effect of experiencing a heat shock relative
to a normal year, and 2βl is the impact of experiencing a high heat relative to a cool year.
The standard errors are clustered at the parish level. Parish fixed effects account for a
parish’s average rainfall and unchanging geographic characteristics. In contrast, birth
year fixed effects control for average rainfall experienced by all the children born in a
specific year in Uganda. Thus, identification relies on within-parish variation in rainfall
from the long-run rainfall in each parish. Further, as a robustness check, we estimate a
version of the regressions using household fixed effects instead of parish fixed effects.
Regarding household fixed effects, identification came from households with children
born in different years or birth cohorts.

4. Results
4.1 Short run: the effect of test date temperature on learning outcomes
We present the first results on the effect of high temperatures on learning outcomes in
(1) math, (2) English literacy, and (3) local language literacy. In the base regression in
table 2, the coefficients on each temperature bin are relative to the lowest temperature
bin of (23,28]◦C. There is no significant effect of testing on hotter days on children’s
learning outcomes in math and English literacy relative to testing on a date with a tem-
perature below 28◦C. However, when tested in the local language, temperature has a
monotonically increasing negative effect on students’ local language test scores.

On days with temperatures in the (28,30]◦C range, children scored about 0.12 (4 per
cent) less in the local language than themean score of 2.9. Likewise, children scored about
0.16, 0.16, and 0.22 less in the local language when tested on days with temperatures in
the (30,32]◦C, (32,34]◦C, and (34,40]◦C range, respectively.

Thus, the result on English literacy is similar to the finding from China (Zhang et al.,
2024), where the authors do not find any effect on verbal scores of an older demographic.
However, the significant effect on the local language test scores demonstrates that the
language in which the test is administered matters. The results are unchanged when
the regressions control for heat and rainfall shocks in early childhood, explored in the
secondary part of the analysis.

4.1.1 Heterogeneous effect of test date temperature on learning outcomes
Next, the heterogeneous effects of test date temperature produce a more nuanced result.
To understand the distributional impacts of heat on children, we examine the het-
erogeneous impact of test date temperature by child and household characteristics,

https://doi.org/10.1017/S1355770X25000105 Published online by Cambridge University Press

https://doi.org/10.1017/S1355770X25000105


12 Osaretin Olurotimi

Table 2. Effect of test date temperature on learning outcomes

(1) (2) (3)
Variables Math English Local language

Temperature (28,30] 0.028 0.002 −0.118
(0.027) (0.018) (0.057)

Temperature (30,32] −0.006 −0.023 −0.155
(0.035) (0.023) (0.076)

Temperature (32,34] −0.015 −0.030 −0.162
(0.043) (0.029) (0.090)

Temperature (34,40] −0.039 −0.029 −0.220
(0.057) (0.039) (0.120)

Observations 186,288 185,426 40,383

R-squared 0.597 0.641 0.530

Controls YES YES YES

Parish-Year FE YES YES YES

Mean of dependent variable 4.381 2.835 2.857

Notes: Math, English, and Local language are based on tests administered by UWEZO to children at home. All regressions
control for the child and household controls, including the child’s age, grade, gender, household size, age and gender of
household head, mother’s education level, possession of household assets, test date rainfall, and humidity, and a vector
of rainfall and temperature shocks experienced in childhood. Local language has fewer observations as the testswere only
administered in 2012 and 2015, compared to the others forwhichwe have 4 years of observations and only to childrenwho
spoke a local language. Standard errors clustered at the parish level are in parentheses.

including gender, age, socioeconomic status, and parental investment in additional
learning opportunities.

Bygender: Table 3 presents the heterogeneous impact of testing onhotter days for girls.
Girls perform significantly worse than boys in all the subjects tested when examined on
dates with temperatures higher than 32◦C. In addition, the coefficients on the interaction
between test date temperature and the female variable are monotonically increasing in
the temperature bin for all the subjects. For instance, in comparison to boys, girls score
an additional −0.06 (1 per cent) and −0.13 (3 per cent) less in math when they test on
dayswithmaximum temperature in the (32,34]◦Cand (34,40]◦Ccategories, respectively,
compared to days with maximum temperature in the (23,28]◦ C category. As with math,
girls also scored additionally worse in English and the local languagewhen tested on days
with temperatures above 32◦ C, although females scored higher in the literacy tests on
average.

By age: Table A1 (online appendix) presents heterogeneous effects by age. A younger
child is defined as a child younger than ten, while an older child is between the ages of
11 and 16. This differentiation also coincides with primary school and secondary school
ages. On average, younger children score less in all subjects. However, the effect of being
a young child differs negatively and significantly in all subjects when tested on days
with temperatures above 32 ◦C compared to days with maximum temperature in the
(23,28]◦ C category and inmath when tested on any day with a temperature above 30◦C.
In math, English, and local language literacy, the coefficient on the interaction term of
younger children and the temperature bin of (32,34]◦C and (34,40]◦C is negative and
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Table 3. Effect of test date temperature on learning outcomes of girls

(1) (2) (3)
Variables Math English Local language

Temperature (28,30] 0.026 −0.006 −0.121
(0.029) (0.020) (0.063)

Temperature (30,32] 0.008 −0.015 −0.087
(0.036) (0.024) (0.080)

Temperature (32,34] 0.017 0.003 −0.071
(0.044) (0.030) (0.094)

Temperature (34,40] 0.027 0.025 −0.109
(0.059) (0.041) (0.124)

Temperature (28,30] *Female 0.006 0.019 0.007
(0.022) (0.015) (0.044)

Temperature (30,32]*Female −0.026 −0.015 −0.130
(0.022) (0.014) (0.044)

Temperature (32,34]*Female −0.063 −0.066 −0.176
(0.022) (0.015) (0.046)

Temperature (34,40]*Female −0.130 −0.106 −0.217
(0.026) (0.017) (0.054)

Female −0.012 0.025 0.092
(0.016) (0.011) (0.036)

Observations 186,288 185,426 40,383

R-squared 0.597 0.641 0.530

Controls YES YES YES

Parish-Year FE YES YES YES

Mean of dependent variable 4.381 2.835 2.857

Notes: Math, English, and local language are based on tests administered by UWEZO to children at home. Standard errors
are clustered at the parish level.

monotonically increasing in temperature, suggesting that younger children are less able
to perform cognitive tasks better under thermal stress.

By socioeconomic status: Additionally, we examine the heterogeneity in the effect of
test scores by stratifying the children into those from high and low socioeconomic back-
grounds. To determine socioeconomic status, we calculate an aggregate asset index by
summing household possession of assets, including television, phone, bicycle, motorcy-
cle, and radio, and then classify a household as having high socioeconomic status (SES)
if they have an above-average value of the household index.8 The estimates in table A2
(online appendix) show that although high SES students tend to score higher in math
and English on average, compared to children from low SES households, being a high
SES child reduces test scores in math and English when tested on the hottest days, i.e.,
days with temperatures above 34◦C compared to dayswithmaximum temperature in the
(23,28]◦C category. For instance, students from high SES households score about 0.05 (2

8These households are not high SES households in an absolute sense, but only relative to other households
in the data. For instance, only 20 per cent of these households have electricity compared to 11 per cent in
the data.
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per cent) less in English when tested on days with temperatures above 34◦C compared
to days with maximum temperature in the (23,28]◦C category.

Does extra learning make children resistant to temperature shocks: Like parents else-
where who are eager to provide the best opportunities for their children to thrive
academically and economically in the future, some parents in Uganda pay for additional
learning beyond the regular schooling that happens in schools.We checkwhether partic-
ipating in these extra lessons, called tuition, provides accumulated cognitive advantages
that reduce the impact of temperature shocks. The results, as presented in table A3 in
the online appendix, show that in addition to the fact that children who participate in
extra learning score better in math and English when tested on average, students who
undergo extra instruction score an additional 0.1 and 0.2 points better in math and local
language when tested on days with temperatures above 34◦C compared to days with
maximum temperature in the (23,28]◦C category. The choice to participate in tuition
is selective and positively associated with household SES and parents’ educational level.
Still, after controlling for these variables and finding a negative heterogeneous impact
by high SES, this result suggests that extra learning may provide a cognitive buffer in the
face of temperature shocks.

Overall, these heterogeneous effects show that exposure to heat affects cognition in
most children, especially girls and younger children, irrespective of SES.

4.1.2 Robustness check on the effect of test date temperature
As a robustness check, we check whether the effect of heat is affected by weather condi-
tions the week after a child takes the test (see table A4 in the online appendix). Although
next week’s temperature positively correlates with today’s temperature (correlation coef-
ficient of 0.7), this check reveals that next week’s temperature does not affect the learning
outcomes, on average. The results are also robust to including months of survey fixed
effects to address concerns that differences in learning outcomes are related to how far
along in a school year children are tested. Additionally, we look at the impact of average
daily temperature rather than the maximum daily temperature. As presented in table A5
(online appendix), we still see a significant negative effect of testing on a day above 32◦C
on local language test results. However, one now sees a negative impact of testing with
temperature between (28,30]◦C on math test scores.

4.2 The effect of early life rainfall shocks on human capital
Table 4 presents the results of estimating the effect of early life rainfall shocks from in-
utero up to age four on a broader set of human capital measures, including (1) math, (2)
English literacy, (3) local language literacy, and (4) the likelihood of being at the right
age for a grade, i.e., on track. Following (Shah and Steinberg, 2017), we define a parish
as having a rain shock in a given year if the annual rainfall exceeds the 80th percentile of
long-run rainfall. In contrast, a drought year is defined as having yearly rainfall in the
20th percentile of the long-run parish rainfall. These regressions control for the vector of
temperature shocks and test date weather variables. The results show that experiencing
a rainfall shock at birth leads to significant scoring about 1 per cent less in math (−0.08),
English (−0.08), and local language (−0.20) compared to drought years. One also sees
similar negative and significant coefficients with some variation in the subjects for those
who experience a rain shock in the year they are in utero, at ages 2, 3, and 4. Also, there
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Table 4. The effect of childhood rainfall shocks on human capital

(1) (2) (3) (4)
Variables Math English Local language Ontrack

Rainshock in utero −0.027 −0.020 −0.088 0.004
(0.011) (0.015) (0.034) (0.004)

Rainshock in birth year −0.040 −0.041 −0.100 0.004
(0.012) (0.012) (0.026) (0.004)

Rainshock at age 1 −0.051 −0.047 −0.098 −0.006
(0.012) (0.014) (0.032) (0.004)

Rainshock at age 2 −0.063 −0.047 −0.073 −0.006
(0.012) (0.011) (0.047) (0.004)

Rainshock at age 3 −0.053 −0.044 −0.053 −0.010
(0.011) (0.014) (0.043) (0.004)

Rainshock at age 4 −0.040 −0.040 0.049 −0.006
(0.011) (0.015) (0.043) (0.003)

Observations 186,299 184,029 39,844 186,299

R-squared 0.582 0.629 0.527 0.666

Controls YES YES YES YES

Parish FE YES YES YES YES

Birth year FE YES YES YES YES

Year FE YES YES YES YES

Mean of dependent variable 4.381 2.837 2.858 0.396

Notes: Ontrack is a dummy variable coded if a child is at the right age for a grade, i.e., the difference between a child’s age
and grade is nomore than six years. All regressions control for the child and household controls, including the child’s age,
grade, gender, household size, gender of household head, mother’s age and education level, father’s age and possession
of household assets, and test date weather variables, including rainfall and humidity. Standard errors clustered at the
parish level are in parentheses.

is a statistically significant decrease in the probability of being on track in school when
you experience a rain shock at ages 3 and 4.

4.2.1 Robustness checks on the effect of rainfall shocks
The findings on the effect of rain shocks are robust to other regression specifications,
such as replacing the parish fixed effects with household fixed effects, as seen in table A6
(online appendix). The table shows that rain shocks in utero until age four still lead to
statistically negative impacts on math and English scores. However, in the version with
household fixed effects, one now observes that a rain shock in utero and at birth increases
the likelihood of being on track, i.e., in the right age for a grade, by 1 and 1.2 percentage
points, respectively, compared to a drought year. Also, to address concerns about spatial
correlation, we conduct a version of the regression that clusters at a higher geographic
level, i.e., at the sub-county, and find that the results are unchanged from the base results
on the effect of rainfall shocks presented in table 4.

In a different set of regressions, we use a different source of data and a higher
geospatial level, i.e., district-level average rainfall obtained from the World Bank Cli-
mate Knowledge Portal (World Bank Group, 2023) to calculate rainfall and heat shocks
as before, i.e., defining a rain shock depending on the percentiles of the within-district
distribution. The district is the second administrative level, while the parish is the fourth
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administrative level in Uganda. As with the parish level data, we define a child within
a district as having a rain shock in a given year if the annual district rainfall exceeds
the 80th percentile of long-run rainfall. In contrast, a drought year is defined as having
yearly rainfall in the 20th percentile of the district’s long-run rainfall. Using this measure
leads to bigger coefficients (see online appendix table A7); for instance, the coefficient
of experiencing a positive rain shock in utero almost doubles the base result on math
(−0.08 compared to −0.15). Nonetheless, these results also confirm that experiencing
rain above the 80th percentile from in utero until age 4 reduces learning outcomes in
math, English, and the local language in Uganda.

4.2.2 Additional analysis using different threshold of positive rain shock
Hitherto,we have defined a positive rain shock as rainfall above 80th percentile and found
negative results on learning outcomes in math and English, which is contrary to the
finding from India that children score 0.012–0.04 points higher onmath or reading tests
for each year of favorable rainfall compared to drought years (Shah and Steinberg, 2017).
This difference may likely be related to differences in country climactic contexts, as a
rainfall shock above the 80th percentile may be toomuch rain (say flooding) in Uganda.9

Alternatively, we recode a rain shock as one (1) if rain is above the 50th but beneath the
80th percentile of the long-run rainfall while still representing a drought year as rain
below the 20th percentile. The results are shown in table 5. In that regression with rain
shock defined as rain above the 50th percentile, one now sees a 0.08 (1.2 per cent) increase
in math scores for children who experienced a rainfall shock from birth until age 3. In
the case of English, one sees a positive effect of rain shocks from in utero up to age 4.
Also, exposure to a positive rainfall shock in utero, at birth, and at ages 1 and 2 is now
associated with at least a one percentage point increase in the probability of being on
track in school compared to those who did not. These results show that positive effects
of rain shocks are observed when a rain shock is defined at the 50th percentile versus at
the 80th percentile, as has been done in the literature, highlighting that the thresholds of
climate shocks may be different across various country contexts.

4.3 The effect of early life heat on human capital
We define a parish as having a heat shock in a given year if the annual temperature
is above the 80th percentile of the long-run temperature in the parish. In contrast, a
cool year is defined as having a yearly temperature in the 20th percentile of the long-
run temperature. These regressions also control for exposure to rain shocks, as defined
previously.

Table 6 reports the results of estimating the effect of early-life heat shocks from in
utero up to age 4. Compared to those who experience cooler years, children who expe-
rience hotter years in utero and at birth have better learning outcomes in math. At age
1, experiencing a heat shock is associated with having higher test scores in the local lan-
guage and a 0.8 percentage point reduction in the probability that a child is at the right
age for a grade, significant only at the 90 per cent level. However, after age 1, we see con-
sistently adverse effects of heat shocks on math and English. For instance, children who
experience a heat shock in utero and at birth score about 0.04 more in math, but those

9According to data from the EM-DAT, Uganda has experienced 15 floods and five droughts over the
period (1997–2008) during which up to 90 per cent of the children in this data were born.
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Table 5. The effect of childhood rainfall shocks on human capital with alternative threshold

(1) (2) (3) (4)
Variables Math English Local language Ontrack

Rainshock in utero 0.038 0.027 0.043 0.004
(0.009) (0.006) (0.017) (0.002)

Rainshock in birth year 0.044 0.037 0.029 0.007
(0.010) (0.006) (0.017) (0.002)

Rainshock at age 1 0.043 0.034 0.032 0.005
(0.010) (0.007) (0.019) (0.002)

Rainshock at age 2 0.027 0.023 −0.027 0.008
(0.010) (0.006) (0.017) (0.002)

Rainshock at age 3 0.030 0.014 −0.050 0.001
(0.009) (0.006) (0.017) (0.002)

Rainshock at age 4 0.012 0.011 −0.027 −0.001
(0.009) (0.006) (0.016) (0.002)

Observations 186,299 184,029 39,844 186,299

R-squared 0.582 0.629 0.527 0.666

Controls YES YES YES YES

Parish FE YES YES YES YES

Birth year FE YES YES YES YES

Year FE YES YES YES YES

Mean of dependent variable 4.381 2.837 2.858 0.396

Notes: Math, English, and local language are based on tests administered by UWEZO to children at home. Rainfall shock
is coded 1 if annual parish rainfall exceeds the 50th percentile of long-run parish rainfall. Standard errors are clustered at
the parish level.

who experience a heat shock at ages 2 and 3 score (−0.04) less. Unlike the results on
rainfall shocks, the direction of the effect of heat shocks tends to vary by age at exposure.

4.3.1 Robustness checks on the effect of heat shocks
The results on the effect of heat shocks are generally robust to utilizing household fixed
effects instead of parish fixed effects, as seen in table A8 (online appendix). House-
hold fixed effects address unobservables at the family level that could drive the observed
results. Reassuringly, when the regressions are estimated with household fixed effects
instead of parish fixed effects, one no longer sees any divergence in the sign of the coef-
ficient by subjects. In sum, experiencing a heat shock from age one until age three has
a negative and economically significant impact on math and English scores. Also, to
address concerns about spatial correlation, we conduct a version of the regression that
clusters at a higher geographic level, i.e., at the sub-county, and find that the results are
unchanged from the base results on the effect of temperature shocks presented in table 6.
Additionally, when the results are estimated using district-level long-term temperature
(see table A9, online appendix), one no longer sees any positive effect of childhood heat
shocks experienced in utero on learning outcomes or the probability of being on track.
Together, these results on the impact of heat shocks discussed thus far suggest that heat
shocks harm children’s learning outcomes in early childhood, especially after a child is
born.
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Table 6. The effect of childhood temperature shocks on human capital

(1) (2) (3) (4)
Variables Math English Local language Ontrack

Heat shock in utero 0.021 −0.001 −0.050 −0.000
(0.011) (0.007) (0.021) (0.002)

Heat shock in birth year 0.019 −0.002 −0.007 −0.004
(0.011) (0.007) (0.022) (0.002)

Heat shock at age 1 −0.013 −0.014 0.037 −0.005
(0.012) (0.008) (0.022) (0.002)

Heat shock at age 2 −0.026 −0.032 −0.001 0.003
(0.012) (0.007) (0.022) (0.003)

Heat shock at age 3 −0.026 −0.037 0.013 −0.001
(0.012) (0.007) (0.020) (0.002)

Heat shock at age 4 0.003 0.002 0.026 −0.002
(0.011) (0.007) (0.018) (0.002)

Observations 186,299 184,029 39,844 186,299

R-squared 0.582 0.629 0.527 0.666

Controls YES YES YES YES

Parish FE YES YES YES YES

Birth year FE YES YES YES YES

Year FE YES YES YES YES

Mean of dependent variable 4.381 2.837 2.858 0.396

Notes: Ontrack is a dummy variable coded if a child is at the right age for a grade, i.e., the difference between a child’s
age and grade is no more than six years. All regressions control for the child and household controls, including the child’s
age, grade, gender, household size, age and gender of household head,mother’s education level, possession of household
assets, and test date weather variables, including rainfall and humidity. Standard errors clustered at the parish level are
in parentheses.

5. Conclusion
This study examines the effect of test date temperature and long-run climate shocks
on measures of children’s human capital in Uganda. Compared to an omitted cate-
gory of (23,28]◦C, taking the test on hotter days significantly reduces learning outcomes
in local language literacy. Also, this effect increases monotonically as the temperature
rises. Additionally, heterogeneous analysis shows that girls and younger children per-
form worse in math, English, and local language when tested on days with temperatures
above 32◦C. We also find that children in households with high SES performed worse
on days with temperatures above 34◦C. This finding highlights that thermal sensations
may differ even when children experience the same thermal stress.

Overall, these results inform the need for adaptive testing environments for partic-
ular demographics, such as girls and children younger than ten. In addition, this paper
provides evidence that high SES alone does not provide a cognitive buffer. On the other
hand, extra learning before a heat shockmay provide a cognitive buffer; however, exper-
imental research is needed to ascertain if this is the case under various testing and
temperature conditions.

Inmeasuring long-run temperature and rainfall shocks, we utilize within-parish vari-
ation by denoting a parish as experiencing a shock if the temperature or rainfall is within
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the 80th percentile(positive shock) or 20th percentile(negative shock) of the parish’s long-
run annual temperature and precipitation. The analysis shows that heat shocks in utero
and at birth affect learning outcomes positively, while heat shocks experienced above age
1 harm learning outcomes. Second, the estimates show that experiencing rainfall above
the 80th percentile from in utero to age 4 leads to worse learning outcomes than those
for children who do not experience a positive rain shock, which differs from results in
other country contexts, like in India, for instance, where rainfall shocks similarly defined
increase test scores (Shah and Steinberg, 2017). On the contrary, when one defines a
positive rain shock as experiencing rainfall above the 50th percentile, one observes the
positive impact of rainfall on learning outcomes and the probability of a child being in
the right age for their grade.

This paper indicates that early childhood climate shocks impact cognition in low-
income countries. Also, the result suggests that the thresholds for defining climate
shocks differ across country contexts. This necessitates further research into how varying
thresholds affect other outcomes and how stakeholders such as insurers and policy-
makers define climate shocks ex-ante in low-income settings, especially those in the
tropics.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.
1017/S1355770X25000105
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