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Abstract: We examine the impact of temperature during the growing season on 
household diets in the subsequent year in rural India, a setting with a high prevalence 
of small family farms. High growing-season temperatures reduce crop yields, which 
would presumably reduce incomes and home-grown food for consumption. However, 
household adaptation could mitigate how the reductions in yields affect diets. We find 
that heat increases the number of strongly undernourished households in the subse-
quent year, as measured by the consumption of calories, iron, zinc, thiamine, and ni-
acin. We also find suggestive evidence that households adapt to heat-induced losses of 
home-grown crops by purchasing more food. 
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WHILE  EXISTING  STUDIES  SHOW  that high temperatures harm crop yields in a va-
riety of real-world settings (Schlenker and Roberts 2009; Taraz 2018), the ways in 
which these temperature-related crop losses subsequently affect household nutrition 
are not as well documented. These impacts may be especially important in low-income 
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countries where a substantial number of people rely on home-grown crops for both 
sustenance and income. Crop losses could translate into higher rates of undernutri-
tion, which has important downstream welfare costs to long-term health (Sharma 
et al. 2020), human capital accumulation (Georgieff 2020), psychological well-being 
(Pailler and Tsaneva 2018), and labor productivity (Thomas et al. 2006). The mag-
nitude of the relationship between extreme heat and undernutrition, even with a clear 
link between temperature and crop yields, is unclear given the scope for households to 
adapt. Households could decrease the amount of calories they eat or consume cheaper, 
less nutritious calories. Households might also seek work in nonagricultural sectors 
(Colmer 2021), spend down savings, or decrease nonfood purchases to mitigate im-
pacts. Our study estimates the relationship between temperature and household un-
dernutrition and adds new insights into adaptation strategies, using data from India. 

We use survey responses from over 300,000 households in rural India to estimate 
the impact of extreme heat on food consumption choices, diet quality, and labor allo-
cation. We measure food consumption using India’s National Sample Survey (NSS), 
a nationally representative repeated cross-section of Indian households, from 2003 
to 2012 (the last year that includes detailed food consumption over a 30-day period). 
The NSS includes questions on the consumption of roughly 150 food items, which 
we convert into household-level consumption of calories and six additional nutrients. 
In past studies using the NSS, calories and some macronutrients (usually protein and 
fat) feature as the standard measures of nutrition (Deaton and Drèze 2009; Carpena 
2019). Such a limited set of nutritive measures omits many nutrients crucial to dietary 
health. For example, iron deficiency is endemic to rural India: India’s National Family 
Health Survey 4 (NFHS-4) finds that 59% of children below 5, 58% of breastfeeding 
women, and 53% of all women were anemic, caused in part by iron deficiency (IIPS 
and ICF 2017).1 During pregnancy, iron deficiency is linked with increased maternal 
mortality, preterm births, low birthweight, and decreased human capital accumulation 
in children.2 In adults, it lowers energy levels, labor productivity, and mental health 
(Thomas et al. 2006; Marcus et al. 2021). In order to more comprehensively assess diet 
quality, we consider calories along with the following set of nutrients: protein, iron, 
zinc, thiamine, niacin, and riboflavin. 

Our identification strategy leverages the facts that high temperatures increase crop 
losses over a long growing season and that these losses could harm household welfare 

1. Anemia, when a person lacks healthy red blood cells for the transport of oxygen, is a com-
mon clinical proxy measure for iron deficiency. Anemia has multiple causes, including iron de-
ficiency, genetic factors, gastrointestinal diseases such as hookworm, postpartum hemorrhage, 
and folate or B12 deficiencies. This multitude of factors, and their frequent overlap, makes it 
difficult to assess exactly how much anemia is caused by iron deficiency (Chaparro and Suchdev 
2019). 

2. Breastmilk is low in iron, so newborn infants rely on iron stored during the fetal stage for 
the proper development of organs, including the brain (Georgieff 2020). 



Hot Weather, Undernutrition, and Adaptation Stainier, Shah, and Barreca 327 

subsequent to harvest. Our treatment variable is the frequency of days in a given tem-
perature bin, for example, days between 90°F and 100°F for the growing season ( June– 
December). We focus on how this year’s growing-season temperature impacts con-
sumption in the subsequent year, which is likely when households either consume 
or sell their production. By focusing on nutritional outcomes in the subsequent year, 
our estimates abstract from heat’s more contemporaneous impacts on health or labor 
productivity. The unit of observation for this variable is the district and year. To ad-
dress potential confounders, our key control variables include district and year fixed 
effects, along with state-specific time trends. The core estimates are identified by un-
predictable temperature swings across growing seasons for a given district. We control 
for temperatures in this year’s nongrowing season and the subsequent year’s growing 
and nongrowing seasons. We also control for rainfall shocks, which can have a mean-
ingful effect on crop yields and food consumption (Carpena 2019), for both this year 
and the subsequent year. We show that the results are robust to including alternative 
time trends (e.g., district specific or state quadratic) as well. 

There are three main findings from our research. First, we find an increase in the 
number of households that qualify as strongly undernourished in terms of most of 
the nutritive measures we consider. For example, one day above 110°F increases the 
fraction of households consuming less than 80% of the recommended caloric intake 
by 0.36 percentage points, an increase equivalent to 3.1 million people. On average, 
households in our sample experienced 0.6 days above 110°F per growing season, with 
10% of households experiencing over two such days. Interestingly, we find no statisti-
cally significant impact of extreme heat on aggregate consumption. Instead, the impacts 
are at the 20th percentile of the caloric intake distribution, suggesting important dis-
tributional implications. The effects of extreme heat are similarly concentrated at 
the lower end of the intake distribution for iron, zinc, thiamine, and niacin. Note that 
given important intrahousehold inequalities in food allocation (D’Souza and Tandon 
2019), these findings may miss the effects of extreme heat on undernutrition for certain 
at-risk groups. For example, female children tend to receive a low share of resources 
(Azam and Kingdon 2013; Kaul 2018), and this share may change (to be higher or 
lower) during periods of financial distress. 

Second, we find suggestive evidence that households adapt to crop losses by pur-
chasing more food. We estimate our model for calories and each nutrient separately 
for home-grown sources and purchased sources. We find that, in most cases, heat dur-
ing the growing season causes a decline in home-grown consumption but a commensu-
rate increase in purchased consumption, helping to explain the lack of aggregate effects. 
These purchases constitute an ex post adaptation, or a response to the effects of a 
weather shock after it has occurred (Carleton et al. 2024), which is similar to consump-
tion smoothing across periods. 

Third, we find evidence that adults reallocate their labor away from agricultural ac-
tivities in the household and toward nonagricultural work, both at home and outside 
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of the home, after a very hot growing season. One day above 110°F in a growing season 
results in a 0.26 percentage point decrease in the percentage of adults working in agri-
culture at home in the next year, and a 0.12 percentage point increase in nonagricultural 
work outside of the household. This finding suggests that some food purchases might 
be due to new income sources. However, it remains possible that households may also 
be cutting into savings or sacrificing nonfood purchases or investments (e.g., human 
capital) to buy food. 

This study makes three main contributions. First, we add to a growing literature 
on heat’s impact on welfare in rural developing contexts. While heat’s impacts on yields 
might be well documented, crop losses are difficult to translate into societal welfare 
losses without understanding how households respond. We consider the impacts of 
weather shocks on home-grown and purchased foods separately, something that is 
largely absent from the literature but important in rural contexts ( Jayasinghe et al. 
2017). We show that households purchase more food in response to heat shocks. 
In addition, we show that in the year after a hot growing season, household members 
dedicate less time to agriculture in the household and more to nonagricultural work. 
In doing so, we complement the work of Colmer (2021), who finds contemporaneous 
effects of heat on the allocation of labor between agricultural and nonagricultural sec-
tors, but without specifying the setting (in home or not) of the work. 

Second, we capture important distributional effects. Past papers on nutrition tend 
to focus on aggregate measures, such as total calorie consumption or diet composition 
(e.g., percentage of calories from fruits vs. grains). By using low-consumption thresh-
olds (e.g., consumption below 80% of recommended levels of calories or nutrients), 
we capture important distributional impacts that aggregate measures miss. 

Third, we make methodological contributions to measuring diet quality. Our 
work emphasizes the need to include micronutrients and minerals when estimating cli-
mate change’s impact on diet quality. Although it is particularly important in rural In-
dia, iron rarely features in past economics studies on diet quality in the area.3 The NSS 
provides tables to convert food quantities into calories and macronutrients such as 
protein and fat. In this project, we use the raw nutritional data that the NSS tables 
reference, allowing us to directly measure the consumption of important micronutri-
ents and minerals such as iron, zinc, and thiamine (Gopalan et al. 1989). Our focus on 
micronutrients and minerals adds to previous work which shows that calorie consump-
tion and diet composition are affected by droughts in Mexico (Hou 2010) and India 
(Carpena 2019) and rainfall and temperature shocks in Nigeria (Dillon et al. 2015) 
and Tanzania (Randell et al. 2022). 

3. See, e.g., Deaton and Drèze (2009) and Carpena (2019), who focus mostly on caloric in-
take and macronutrients such as protein or fat. 
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1.  DATA  

1.1. Nutritional Outcomes 
The nutritional outcomes and socioeconomic household characteristics come from 
the National Sample Survey (NSS), a nationally representative repeated cross-section 
of Indian households. We use Schedule 1, which includes detailed household-level 
consumption data, and Schedule 10, which includes information on household mem-
bers’ primary activities, such as employment or school attendance. We construct nutri-
tional outcomes using eight rounds of the data (rounds 59–64, 66, and 68), spanning 
2003 to 2012 (NSS 2003–12).4 All rounds included in the analysis dataset ask house-
holds about consumption for all food items over a 30-day period. No rounds between 
2013 and 2021 include household food consumption questions. We omit the most re-
cent round of data, covering 2022 and 2023, from the analysis because it only asks 
households about food consumption over the last seven days for many food items (in-
cluding animal products, fruits, and vegetables). Food consumption measured over a 
shorter recall period (e.g., seven days) is often inflated relative to a longer recall period 
(e.g., 30 days) (Scott and Amenuvegbe 1990; Mukherjee and Chaudhury 2020). 

Each household response records the consumption of roughly 150 food items, sep-
arated into home-grown and purchased foods, over the prior 30 days. In addition, it 
includes the number of meals (1) that household members eat outside of the home 
and (2) that nonhousehold members eat in the home. Following past work, we use 
these numbers to adjust our food consumption figures (NSS 2014). Note that the sur-
vey does not measure exactly how much food was eaten, as some could be lost during 
the cooking process or wasted after preparation. It also does not indicate who, within 
the household, consumed specific foods. These consumption measures therefore indi-
cate household-level food availability for intake, rather than intake itself. The survey 
also contains all household members’ basic demographic information. The dataset in-
cludes 314,414 households, with a total of 1,599,495 people, across 575 district-areas 
that we construct to be geographically consistent over the entire time frame. 

In order to generate the main outcomes of interest, we translate the detailed food 
consumption data from the NSS into household-level consumption of calories and nu-
trients. For example, for each food item (e.g., wheat or bananas), we multiply the quan-
tity (weight or number) of the food consumed by its caloric content per unit. We then 
sum up across all food items for each household to calculate a total amount of calories 
consumed. We repeat this process for six nutrients: protein, iron, zinc, thiamine, niacin, 
and riboflavin. The NSS provides tables listing each food item’s caloric and protein val-
ues. The NSS-provided tables do not include other nutrients, resulting in their being 
excluded from previous analyses (Deaton and Drèze 2009; Carpena 2019).5 These 

4. Rounds 65 and 67 do not include household food consumption questions. 
5. One notable exception is Behrman and Deolalikar (1987). 
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NSS-provided tables, however, are based on a dataset from Nutritive Value of Indian 
Foods (Gopalan et al. 1989), which does include information on these additional nu-
trients for most food items. In some cases (e.g., iron for 14% of food items and zinc 
for 35% of food items), nutrients are missing from Gopalan et al. (1989). In these cases, 
we use information from the Food Composition Tables for Bangladesh (Shaheen et al. 
2013) that build on Gopalan et al. (1989). We use tables from these original sources 
to create the daily per capita consumption of each nutrient and take their log as they 
are right-skewed and roughly log normal. We winsorize all per capita outcomes at the 
1% and 99% levels. 

We generate additional dependent variables per nutritional factor to estimate the 
distributional impacts of extreme heat on food consumption. We match the NSS data 
with age- and gender-specific dietary requirements from Nutrient Requirements and 
Recommended Dietary Allowances for Indians and then aggregate requirements to the 
household level (Indian Council of Medical Research 2010). We calculate adequacy 
percentages by dividing each household’s consumption by its recommended intake. 
For example, the calorie adequacy percentage is the total household calorie consump-
tion divided by the recommended calorie intake over a 30-day period. Using these 
percentages, we create dummy variables indicating whether household-level caloric 
or nutrient consumption is below 100% of the recommended levels. We create analo-
gous dummy variables for thresholds ranging from 50% to 150%. 

We use these threshold dummy variables to assess how extreme heat affects house-
holds at different points in the nutrient adequacy distribution. In our preferred defini-
tion, we label a household below the 100% threshold as experiencing “undernutrition,” 
one below the 80% threshold as experiencing “strong undernutrition,” and one below 
the 60% threshold as experiencing “extreme undernutrition.” Our results are robust to 
using other thresholds for strong and extreme undernutrition (e.g., 70% or 50%, re-
spectively). An increase in the percentage of households below the 100% threshold in-
dicates households being pushed from adequate dietary availability to undernutrition, 
and an increase in the percentage of households below the 80% threshold indicates 
households being pushed from undernutrition to strong undernutrition. Because each 
household only answers the survey once, after treatment, we are unable to investigate 
distributional effects by separating households into groups by baseline food consump-
tion levels. Note that, as we only have household-level food consumption we are unable 
to tell exactly who, within the household, is consuming sub-adequate levels of calories 
or nutrients. For example, the children in a given household may have been adequately 
nourished while the parents may have been the ones to forgo food after crop losses. 

Table 1 shows average levels of nutrient consumption across the households in 
the sample (for the full distribution of nutrient consumption adequacy, see fig. A1; 
figs. A1–A8 are available online). On average, households consume adequate (or higher) 
levels of calories and nutrients, with the exception of iron and riboflavin. For example, 
the average per capita daily caloric consumption is around 2,181 kilocalories (kCal)/ 



Table 1. Summary Statistics: Nutrition and Weather 

India North Central West South East Northeast 

Calories per capita (kCal) 2,181 2,397 2,222 2,101 2,109 2,160 2,104 
Calories AP (CAP) 103.62 113.57 106.36 98.87 99.77 103.00 99.95 
CAP <80% 20.41 10.80 18.11 25.28 26.99 20.26 20.27 
Protein per capita (g) 58.69 70.82 63.48 56.84 53.72 55.55 53.51 
Protein AP (PAP) 119.82 144.30 133.20 114.34 106.56 114.53 109.13 
PAP <80% 11.62 1.74 5.72 11.20 20.48 13.36 13.85 
Iron per capita 15.27 21.47 19.00 18.24 11.29 14.21 9.72 
Iron AP (IAP) 81.80 114.51 102.47 97.64 60.38 76.30 51.75 
IAP <80% 54.69 18.13 28.22 31.81 82.11 60.66 91.17 
Zinc per capita 10.30 12.69 11.14 10.05 9.37 9.79 9.11 
Zinc AP (ZAP) 107.69 132.94 118.83 103.84 96.08 102.76 95.07 
ZAP <80% 21.52 3.98 11.89 20.20 34.54 23.44 30.27 
Thiamine per capita 1.34 2.11 1.83 1.61 .90 1.11 .74 
Thiamine AP (TAP) 125.75 197.21 173.07 149.39 84.06 104.87 69.64 
TAP <80% 35.11 5.03 10.29 9.20 55.23 41.22 75.48 
Niacin per capita 15.03 17.16 17.33 15.04 12.64 15.15 13.31 
Niacin AP (NAP) 108.72 123.87 126.08 107.93 91.73 109.63 95.87 
NAP <80% 22.05 7.76 9.70 20.01 42.66 17.99 28.83 
Riboflavin per capita 1.13 1.90 1.26 1.18 .97 .87 .79 
Riboflavin AP (RAP) 91.62 153.00 102.44 94.35 78.13 71.18 63.66 
RAP <80% 51.97 9.60 40.56 41.97 60.95 68.49 78.69 
GS days ≥110°F .59 1.61 1.20 .18 .09 .47 .00 
GS days 100°F–110°F 7.65 17.60 11.91 6.64 5.64 4.88 .01 
GS days 90°F–100°F 50.61 59.82 60.45 51.76 49.79 58.39 18.89 
GS days 80°F–90°F 109.26 57.80 98.01 137.34 136.15 121.90 99.05 
GS days 70°F–80°F 33.23 37.38 32.95 18.06 22.24 27.00 64.01 
GS days <70°F 12.66 39.79 9.49 .02 .08 1.36 32.05 
GS rainfall (m) 1.24 .66 1.07 1.15 1.18 1.36 1.99 
GS rainfall shock .11 –.06 .12 .25 .17 .19 –.04 
Number of districts 575 98 144 63 94 101 75 
Number of observations 314,414 46,012 58,361 31,105 67,289 64,872 46,775 

Note. This table shows the means of our primary dependent variables: daily per capita consumption (in mg 
unless otherwise noted and winsorized at the 1% and 99% levels), adequacy percentage (AP), and the percentage 
of households below 80% AP. All measures are based on a 30-day recall period for each household from the 
National Sample Survey (NSS), covering the period 2003–12. It also shows the core weather growing-season 
(GS, June–December) variables from ERA5 for 2002–11. The nongrowing season (March–May) summary 
statistics are in table A1. We do not include January and February in either season because they contain very 
few hot days. The rainfall shock takes on a value of 1 if rainfall in a given district-season-year exceeds the 
80th percentile of its historical distribution (defined as 1979–2012) of rainfall for that district-season, and a value 
of –1 if rainfall is below the 20th percentile of the historical distribution (0 otherwise). We present statistics for 
the full sample (column titled India) and for six regions: North  (Delhi, Haryana, Himachal Pradesh, Jammu  and  
Kashmir, Punjab, and Rajasthan), Central (Chhattisgarh, Madhya Pradesh, Uttar Pradesh, and Uttarakhand), 
West (Dadra and Nagar Haveli, Daman and Diu, Goa, Gujarat, and Maharashtra), South (Andhra Pradesh, 
Karnataka, Kerala, Pondicherry, and Tamil Nadu), East (Bihar, Jharkhand, Odisha, and West Bengal), and 
Northeast (Arunachal Pradesh, Assam, Manipur, Meghalaya, Mizoram, Nagaland, Sikkim, and Tripura). 
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person-day, roughly the recommended amount of caloric intake, and the average calorie 
adequacy percentage is 104%. However, many households still experience strong under-
nutrition, including in the case of calories: 20.4% of households consume less than 80% of 
the recommended level of calories. Iron consumption, an important contributing factor to 
anemia, which is prevalent in India (IIPS and ICF 2017), is especially low: 54.7% of 
households consume less than 80% of their recommended level of iron. These statistics 
illustrate two main points. First, focusing on average levels of food consumption masks 
significant heterogeneity in diet quantity and quality across households. Second, focusing 
only on calories would lead one to miss how low the consumption of other nutrients, es-
pecially iron, is in rural India. 

Table 1 also highlights variation in food consumption levels across different regions 
of India (see the table note for details on the designation of these regions). For exam-
ple, households in the North of India consume higher levels of calories than any other 
region, with only 10.8% experiencing strong caloric undernutrition. In contrast, 25.3% 
of households in the West, and 27.0% in the South, experience strong caloric under-
nutrition. These differences are even starker in the case of iron: 18.1% of households 
are strongly iron undernourished in the North, compared to 82.1% in the South and 
91.2% in the Northeast. 

The NSS separates foods into home-grown and purchased items. We use this dis-
tinction to construct two more dependent variables per nutrient: levels of consumption 
from home-grown foods versus from purchased foods. Around 65% of households 
consume some amount of home-grown foods, and about 27% of iron (4.16 milligrams 
(mg)/person-day) and 28% of calories (611 kCal/person-day) come from home-grown 
foods. 

1.1.1. Employment Outcomes 

We use data from six rounds of the NSS Survey’s Schedule 10 (NSS 2004–12),6 cov-
ering the period 2004 to 2012, to study the impact of a hot growing season on indi-
vidual household members’ principal activities (e.g., employed, unemployed, or in 
school). Following Colmer (2021), we limit the sample to 1,150,280 working-age in-
dividuals, from 14 to 65 years old. We create four primary outcome variables: dummy 
variables indicating whether an individual’s principal activity is employment in an ag-
ricultural sector or in a nonagricultural sector, separately for employment in a house-
hold enterprise (e.g., self-employment or as an unpaid family worker) or as a wage la-
borer outside of the household. We present summary statistics for these outcomes in 
table A2 (tables A1–A14 are available online). Of working-age individuals, 32.3% are 
employed in agriculture (22.5% in the household and 9.8% outside of it) and 21.8% 
are employed in nonagricultural sectors (9.8% in the household and 12.0% outside of 

6. Of the rounds we use for the nutritional outcomes, 59 and 63 do not include Schedule 10. 
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it). The remainder of working-age individuals are either unemployed or out of the la-
bor force. 

1.2. Weather Data 
We use weather data from the ERA5 reanalysis model (Copernicus Climate Change 
Service 1979–2012), which include hourly temperature and precipitation across a 
31 kilometer (km) by 31 km grid covering the entire globe (Hersbach et al. 2020). 
For each day and grid point, we calculate the maximum temperature and total precip-
itation. Following Garg et al. (2020), we separate weather into growing season ( June– 
December) and nongrowing season (March–May) periods. We assign temperature to 
each district-year-season as follows. For each grid-point-year-season, we count the num-
ber of days within distinct 10-degree temperature bins ranging from below 70°F to 
above 110°F. We then average these temperature bins across all the grid points within 
each district. For the 18 small districts that do not contain any ERA5 grid points, we 
assign them the nearest ERA5 grid point to their respective centroid. 

Table 1 summarizes the average number of growing-season days within each temper-
ature range and the rainfall shock variable. It shows that, on average, India is hot: house-
holds in our sample experience an average of 109 days between 80°F and 90°F, 51 days 
between 90°F and 100°F, 8 days between 100°F and 110°F, and 0.6 days above 110°F 
during the seven-month growing season. There is also significant across-region variation: 
the North of India experiences an average of 18 days between 100°F and 110°F while the 
East only experiences 5, and the Northeast experiences 0.01. Figure 1A maps the number 

Figure 1. Growing-season weather by district (2000–2011). Panel A shows the average 
number of growing-season ( June–December) days with maximum temperature between 100°F 
and 110°F in each district from 2002 to 2011. Panel B shows the number of growing-season days 
greater than or equal to 110°F. 
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of days per growing season with maximum temperatures between 100°F and 110°F 
and above 110°F (fig. 1B). It further emphasizes the vast climatic diversity across India: 
the number of days per year with maximum temperature between 100°F and 110°F 
ranges from 0 to above 70. About 25% of households in the sample reside in districts 
with no growing-season days above 100°F over our study period. We also construct a 
“rainfall shock” control variable, which we describe in the appendix (available online), 
as is done in Shah and Millett Steinberg (2017). 

1.3. Agricultural Yields 
We use agricultural data from the Village Dynamics in the South Asia Meso dataset 
from the International Crops Research Institute for the Semi-Arid Tropics (ICRISAT 
2015). The dataset includes price-weighted yield in tons/hectare for the six major crops 
(rice, wheat, sugarcane, groundnut, sorghum, and maize), and the five major monsoon 
crops (excludes wheat), at the district-year level. Specifically, this is a weighted average of 
the yields of individual crops, with individual crop prices as weights. We focus on the 
years 2000 through 2011 to match up with our NSS analysis. 

2.  EMPIRICAL  STRATEGY  

2.1. Nutritional Outcomes 
Our main empirical strategy for nutritional outcomes is as follows: 

1 1 J 1 1 
Nhdsmy 5 oooβy

j 
–t,gTd

j 
,y–t,g 1 ooay–t,gPd,y–t,g 1 dXh 1 gd 1 ty 

g50t50j51 g50t50 
(1)

1 hm 1 jsy 1 ehdsmy, 

where N is a nutritional outcome for household h in district d in state s surveyed dur-
jing month m of year y. The term T is the number of days in 10-degree temper-d,y–t,g 

ature bin j in district d during year y – t’s growing (g 5 1) and nongrowing (g 5 0) 
seasons, running from 70°F to 80°F to above 110°F. We exclude the bin below 70°F so 
all coefficients can be interpreted relative to a day below 70°F. The term P is the rain-
fall shock for this year and last year, separated by growing season. The term Xh is a set 
of household-level controls, including religion, caste, head of household education, and 
household composition by age group and gender. We include these controls to account 
for potential changes in the composition of the sample (as it is a repeated cross-section) 
that are correlated with heat shocks. When the outcome variable is a nutrient adequacy 
threshold (e.g., below 100% of recommended levels of calories), we replace household 
composition with total household size, as the nutrient adequacy threshold already ex-
plicitly includes household composition. 

District fixed effects (gd) account for district-level differences in nutrition and tem-
perature. For example, the North is both warmer and has higher levels of nutrition 
(see table 1), so without these fixed effects our estimates would pick up a spurious 
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correlation that shows that heat is associated with better nutritional outcomes. Year 
fixed effects (ty) account for any yearly India-wide differences in temperature that may 
be correlated with differences in nutrition, and month fixed effects (hm) improve pre-
cision by controlling for India-wide seasonality in nutrition. We include state-specific 
yearly trends (jsy) to control for any state-specific changes in nutrition that may be spu-
riously correlated with warming over time. Our results are robust to district-specific 
yearly trends and state-specific quadratic trends as well. The term ehdsmy is a household-
specific error term. The standard errors are clustered at the district level to account for 
any correlation between the error terms of households in the same district. For example, 
all households in a district with a more iron-rich staple crop (such as wheat) might ex-
perience bigger swings in iron consumption due to heat compared to households in other 
districts. 

In section 3, we focus on the effect of last year’s growing-season temperature (the 
β
j
y–1,1) on this year’s nutritional outcomes. We do so because weather during the grow-

ing period (June–December) likely could only affect household outcomes via crop losses 
in the period after the growing season (Garg et al. 2020). Weather might have contem-
poraneous effects, so we include this year’s weather (both growing and nongrowing sea-
sons) and last year’s nongrowing season weather as controls. 

2.2. Employment Outcomes 
When estimating the effects of heat on labor outcomes, we use the same specification 
as in equation (1), but at the individual level. We remove head of household education 
and household composition controls and instead add individual age, education, and 
gender controls. 

2.3. Agricultural Yields 
We also test whether hot weather impacts crop yields, the first step in the causal link 
from heat to nutritional outcomes. We match district-year-level yields with district-
year-season-level weather variables for 1981–2011 to estimate the following model: 

1 J 1 
β
j jlog(Ydy) 5 o gT agPy,g 1 gd 1 ty 1 edy, (2)o d,y,g 1 o 

g50j51 g50 

jwhere Y is the yield for district d in year y. The  term  T is  the number of days in tem-d,y,g 

perature bin j in district d during year y’s growing (g 5 1) and nongrowing (g 5 0) 
seasons. We include 10-degree temperature bins running from 70°F to 80°F to above 
110°F and exclude the bin below 70°F. We also include a rainfall shock (P), district 
fixed effects (gd), and year fixed effects (ty). We cluster standard errors at the district 
level to account for any within-district correlation of the error terms. We estimate this 
regression for the yields of two different groups of crops: (1) the top six crops (rice, 
wheat, sugarcane, groundnut, sorghum, and maize) and (2) the top five monsoon crops 
(which excludes wheat from group 1). 
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3.  RESULTS  

3.1. Yields 
Figure 2 shows the effects of hot temperatures during the growing season on yields. 
Figure 2A shows results for the top six crops in India, and figure 2B includes only 
monsoon crops. We multiply the log yield outcome variables by 100 so the coefficients 
can be interpreted as percentage changes. We find statistically significant decreases in 
overall yields for days above 80°F with larger damages at higher temperatures. Fig-
ure 2A shows that a day above 110°F decreases yields for the top six crops by roughly 
1.3% relative to a day below 70°F. This is 2.1 times larger than the effects of a day 
between 80°F and 90°F. These results for the impact of growing-season temperature 
are consistent with past literature (Carleton 2017; Taraz 2018; Garg et al. 2020). The 
top panel of table A4, which corresponds to figure 2, shows the full range coefficients 
for the effects of growing-season weather on yields. The bottom panel shows the coef-
ficients for the nongrowing season. Heat above 70°F during the nongrowing season neg-
atively impacts crop yields, but most of these coefficients are statistically insignificant 

Figure 2. This year’s growing-season weather and yields. These graphs show the change in 
100 times log yields for each additional day at a given temperature during this year’s growing 
season relative to a day below 70°F. Panel A is for the top six crops in India (rice, wheat, sug-
arcane, groundnut, sorghum, and maize). Panel B is for the top five monsoon-dependent crops 
(excludes wheat). The coefficients can be interpreted as percentage changes. We match district-
year yields with weather data at the district-year-season level. The model includes 10°F temper-
ature bins from 70°F–80°F to above 110°F for this year’s growing season ( June–December) and 
nongrowing season (March–May). We omit the <70°F bins so the coefficients can be inter-
preted relative to this temperature range. The models include district and year fixed effects 
and rainfall shocks. Standard errors (error bars represent the 95% confidence interval) are clus-
tered at the district level to account for any inter-district correlation of the error terms. The 
models include data from 2000 to 2011. The model in panel A includes 3,365 observations, 
and panel B includes 3,365 observations. The mean outcome variable in panel A is 507.88, 
and the mean outcome variable in panel B is 496.74. 



Hot Weather, Undernutrition, and Adaptation Stainier, Shah, and Barreca 337 

at conventional levels, and they do not increase with higher temperatures as sharply as 
during the growing season. 

3.2. Nutritional Outcomes 
We estimate equation (1) to test how heat impacts caloric outcomes. Figure 3A plots 
the coefficient estimates from the previous year’s growing-season temperature, for the 
dependent variable log of daily calories per capita (see also table 2). The coefficients 
document the effect of one day in the corresponding temperature bin relative to a day 
below 70°F. We multiply the dependent variable by 100 so that the coefficients can 
be interpreted as percentage changes. Despite heat’s impact on yields, heat in any range 
does not impact caloric consumption. In the appendix, we consider the effect of heat 
on average consumption (fig. A2) across all nutrients. As in the case of calories, we do 
not find any evidence that extreme heat decreases average consumption for any nutri-
ent or mineral. 

Next, we consider whether extreme heat affects the number of households below 
key nutritional adequacy thresholds. In figure 3B we graph coefficient estimates for the 
effect of the previous year’s growing season weather on the percentage of households 
below 100% calories adequacy. The graph shows that there is no effect of heat on the 
percentage of households who consume 100% of their recommended level of calories. 
In contrast, we find that extreme heat does significantly increase the percentage of 
households in strong caloric undernutrition (fig. 3C) and extreme caloric undernutri-
tion (fig. 3D). Figure 3C and figure 3D show that a day above 110°F pushes 0.36% of 
households into strong caloric undernutrition and 0.11% into extreme caloric under-
nutrition, respectively. These percentage changes correspond to an increase of around 
3 million people and 1 million people per day above 110°F, respectively, out of rural 
India’s 2012 population of 871 million (World Bank 2024). These results suggest that 
extreme heat does exacerbate the diet quality of households already experiencing un-
dernutrition, pushing many into strong or extreme undernutrition. 

Next, we test whether households are pushed into strong undernutrition in terms 
of other nutrients after a hot growing season. In figure 4, we plot the effect of last 
year’s growing-season temperatures on the percentage of households experiencing 
strong undernutrition for all of the nutrients we study. We find evidence that a 
day above 110°F in the prior growing season increases the percentage of households 
below the 80% adequacy threshold in the following nutrients: zinc, thiamine, and ni-
acin. These results are statistically significant at the 0.05 level. We find suggestive ev-
idence that households are pushed below this threshold in the case of iron, and no 
evidence that this is the case for protein or riboflavin. In figure A3, we plot the effects 
of temperature on the percentage of households experiencing undernutrition (i.e., con-
sumption below the 100% adequacy threshold). We show that for some outcomes 
(thiamine and niacin), heat between 70°F and 80°F increases the percentage of house-
holds experiencing undernutrition. However, across all dietary outcomes, this effect 



Figure 3. Last year’s growing-season weather and calorie availability. A, Calories per capita; 
B, households below 100% calories adequacy; C, households below 80% calories adequacy; 
D, households below 60% calories adequacy. Panel A shows the change in 100 times the log of 
per capita daily consumption of calories (winsorized at the 1% and 99% levels) for each addi-
tional day at a given temperature during last year’s growing season relative to a day below 70°F. 
The coefficients can be interpreted as percentage changes. The dependent variable in panel B is 
the percentage of households consuming below 100% of the recommended level of calories, 
based on household composition. Panels C and D are the same, but for the 80% threshold 
and 60% threshold, respectively. All models include 10°F temperature bins from 70°F–80°F 
to above 110°F for this year and last year’s growing season ( June–December) and nongrowing 
season (March–May). They omit the <70°F bins so the coefficients can be interpreted relative 
to this temperature range. The models include district, month, and year fixed effects, state time 
trends, rainfall shocks, demographic (religion, social group, and head of household education), 
and household composition (panel A: number of members of different ages and genders; 
panels B–D, household size) controls. Standard errors (error bars represent the 95% confidence 
interval) are clustered at the district level to account for any inter-district correlation of the error 
terms. All regressions include household-level outcomes from 2003 to 2012. The model in 
panel A includes 314,413 observations, and the models in panels B–D include 314,414 obser-
vations. These coefficients correspond to those in table 2, cols. 1–4. 
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Figure 4. Last year’s growing-season weather and 80% nutritional adequacy. A, Protein; 
B, iron; C, zinc; D, thiamine; E, niacin; F, riboflavin. Panel A shows the change in the percentage 
of households consuming below 80% of the recommended level of protein, based on household 
composition, for each additional day at a given temperature during last year’s growing season 
relative to a day below 70°F. Panels B–F show the same relationship for different nutrients. 
We match household-year-month nutritional outcomes with weather data at the district-year-
season level. All models include 10°F temperature bins from 70°F–80°F to above 110°F for this 
year and last year’s growing season ( June–December) and nongrowing season (March–May). 
They omit the <70°F bins so the coefficients can be interpreted relative to this temperature range. 
The models include district, month, and year fixed effects, state time trends, rainfall shocks, de-
mographic (religion, social group, and head of household education) and household size controls. 
Standard errors (error bars represent the 95% confidence interval) are clustered at the district level 
to account for any inter-district correlation of the error terms. All regressions include household-
level outcomes from 2003–12. The models all include 314,414 observations. These coefficients 
correspond to those in table 2, cols. 5–10. 
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Table 2. Core Specifi cation: Last Year’s Growing-Season Coeffi cients 

Households Households Households Households Households Households Households Households Households
100x Log of Below 100% Below 80% Below 60% Below 80% Below 80% Below 80% Below 80% Below 80% Below 80%
Daily Per Calories Calories Calories Protein Iron Zinc Thiamine Niacin Ribofl avin
Capita Adequacy Adequacy Adequacy Adequacy Adequacy Adequacy Adequacy Adequacy Adequacy
Calories (%) (%) (%) (%) (%) (%) (%) (%) (%)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Day ≥110°F .015 .193 .356*** .105** .022 .262* .246** .317*** .408*** –.089 
(.108) (.187) (.133) (.052) (.086) (.139) (.124) (.114) (.127) (.120) 

Day 100°F–110°F –.040 .112 .249*** .092*** .061 .129* .182** .198*** .251*** .037 
(.054) (.093) (.077) (.027) (.046) (.068) (.077) (.064) (.077) (.060) 

Day 90°F–100°F –.051 .108 .226*** .077*** .064 .157** .159** .223*** .238*** .104* 
(.049) (.085) (.070) (.024) (.041) (.064) (.069) (.061) (.070) (.054) 

Day 80°F–90°F –.054 .129 .224*** .065*** .051 .137** .164** .220*** .228*** .101* 
(.049) (.082) (.069) (.024) (.041) (.063) (.068) (.060) (.069) (.052) 

Day 70°F–80°F –.024 .084 .131** .040* –.011 .064 .064 .131** .133** .036 
(.046) (.075) (.064) (.023) (.036) (.059) (.061) (.057) (.061) (.049) 

Rainfall shock –.073 –.126 –.113 .142 .398 –.068 .381 –.462* –.008 –.277 
(.228) (.390) (.310) (.125) (.243) (.314) (.322) (.280) (.303) (.275) 

Observations 314,413 314,414 314,414 314,414 314,414 314,414 314,414 314,414 314,414 314,414 
Mean outcome 765.37 51.00 20.41 3.94 11.62 54.69 21.52 35.11 22.05 51.97 
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District FE X X X X X X X X X X 
Year FE X X X X X X X X X X 
Month FE X X X X X X X X X X 
Demographic

controls X X X X X X X X X X 
State time trends X X X X X X X X X X 
Rainfall shocks X X X X X X X X X X 
Last year’s weather X X X X X X X X X X 
This year’s

weather X X X X X X X X X X 

Note. This table shows the change in our main outcome variables for an additional day at a given temperature during last year’s growing season relative to a day below 70°F
(eq. [1]). The outcomes in col. 1 are multiplied by 100 so the coeffi cients can be interpreted as percentage changes. The models all include 10°F temperature bins from 70°F–80°F 
to above 110°F for this and last year’s growing season ( June–December) and nongrowing season (March–May). We omit the <70°F bins so the coeffi cients can be interpreted
relative to this temperature range. Each model includes district, year, and month fi xed effects, demographic controls, rainfall shocks, and state time trends. Standard errors
(shown in parentheses) are clustered at the district level to account for any inter-district correlation of the error terms. All regressions include household-level outcomes from
2003–12. FE 5 fi xed effects. 

* p < .1.  
** p < .05.  
*** p < .01.  
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does not increase with higher temperatures, and the coefficient of a day above 110°F is 
not statistically significant at the 0.05 level. These results suggest that the same dis-
tributional differences in the effects of a heat shock on calorie consumption hold true 
for several important nutrients. 

In figure A4, we consider results for the extreme undernutrition threshold. In most 
cases, the effect sizes are smaller than for the strong undernutrition results. This dif-
ference can be explained in part by the smaller amount of households near or below 
the 60% adequacy threshold in general (e.g., only 3.9% of households are below the 
60% calorie adequacy threshold). However, in the cases of iron and thiamine, the ef-
fect sizes for extreme undernutrition are higher than those for strong undernutrition. 
This result emphasizes the importance of considering a range of measures for nutri-
tional adequacy, as there can be heterogeneity across nutrients in baseline levels of ad-
equacy and how a shock affects different degrees of undernutrition. 

3.3. Adaptations 
If households experience a shock to their home-grown sources of food, such as a local 
weather shock, they may respond by purchasing more food. These purchases would 
represent an ex post adaptation, defined as responses to weather and its effects, after 
it has occurred (Carleton et al. 2024). The net effect of heat shocks on undernutrition 
may also depend on ex ante adaptations (e.g., choosing heat-resistant crops or moving 
out of agriculture based on the expectation of future heat shocks), though here we fo-
cus on ex post adaptations. We test whether households purchase more food after a 
heat shock by estimating equation (1) for home-grown and purchased foods separately. 
We  estimate  these regressions as levels rather than logs since  35% of households consume  
no home-grown foods. 

In figure 5, we provide suggestive evidence for this adaptation mechanism. Each 
panel plots the coefficient estimates from the previous year’s growing season from 
equation (1) for a different nutritive measure, separately by home-grown and pur-
chased sources of food. The coefficients from figure 5A suggest that households con-
sume fewer home-grown calories as a result of hotter temperatures. They consume 
2.5 kCal per person per day fewer calories due to a single day between 100°F and 110°F 
relative to one below 70°F and 4.1 kCal (slightly more than 1 gram (g) of uncooked 
rice, where one serving is 45 g) per person per day fewer for a day above 110°F. Nei-
ther coefficient is statistically significant at the 0.05 level. Figure 5A also shows that 
households purchase more calories after a hot growing season. A day between 100°F 
and 110°F increases purchased calories by 1.8 kCal per person per day and a day above 
110°F increases them by 5.3 kCal per person per day. The latter coefficient is statis-
tically significant at the 0.05 level. 

Panels B through G show suggestive evidence of a similar pattern for most nutri-
ents we study. While the coefficients are not statistically significant at the 0.05 level, 
the point estimates for increases in purchases for a day above 110°F are generally close 
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to those for decreases in home-grown consumption. Figure 5 points to an important 
yet understudied agricultural household adaptation to heat: households compensate 
for nutritional decreases from home-grown crop losses by purchasing more food. 

These findings raise the question of how households pay for these additional food 
purchases after a hot growing season. One possibility is that after a hot growing sea-
son, households with lower home-grown crop yields allocate their labor away from 
agriculture (especially in the home) and toward nonagricultural sectors. We test this 
possibility using information on individuals’ principal activity. 

We estimate our individual regression on four outcomes for working-age individ-
uals: working in agriculture in a household-run enterprise, working in agriculture as a 
wage laborer outside the household, working in nonagriculture in a household-run en-
terprise, and working in nonagriculture as a wage laborer outside the household. We 
plot the results of this analysis in figure 6. Panel A shows that a day above 110°F leads 
to a 0.26 percentage point decrease in the percentage of working-age individuals work-
ing in agriculture at home. This corresponds to a 1.2% decrease in overall at-home 
agricultural employment. In figure 6B, we show that there is no such decrease in ag-
ricultural employment outside of the home. Panels C and D plot the coefficients for 
households working in nonagricultural sectors in a household enterprise and outside 
the household, respectively. Both point estimates for the effect of a day above 110°F 
are near a 0.1 percentage point increase, but only the outside of the household coef-
ficient is statistically significant at the 0.05 level. Together, these figures suggest that 
households that experience heat-induced losses in home-grown crop production adapt, 
at least in part, by spending less time working in home-grown agriculture and more time 
in nonagricultural work. This additional income may then be used to help purchase food 
to make up for the losses in home-grown food sources. 

3.4. Potential Mechanisms 
Extreme heat could affect household diets through several different channels. The pri-
mary channel discussed in this paper thus far is that extreme heat’s negative impact on 
yields (Taraz 2018) decreases available food for households to consume or sell. How-
ever, other possible mechanisms include heat’s effects on physiological well-being 
(Carleton et al. 2022), labor force participation and productivity (Somanathan et al. 
2021), or fertility (Barreca and Schaller 2020). By analyzing the difference in the effects 
of extreme heat based on its timing (i.e., during the growing season vs. the nongrowing 
season) and considering additional outcomes, we test which mechanisms are most likely. 

First, we test for the possibility that extreme heat pushes households into extreme 
undernutrition primarily due to its effect on crop yields. If crop yield reductions are a 
key mechanism, then extreme heat during the nongrowing season, which we confirm 
does not affect yields (see table A4), should not affect our nutritional outcomes. In 
table A5, we show the coefficient estimates for last year’s nongrowing season weather 
for all of our nutritional outcome variables. None of the coefficients are statistically 
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significant at the 0.05 level apart from three exceptions: (1) days above 90°F decrease 
the percentage of households below the 80% calories threshold, (2) days between 90°F 
and 100°F decrease the percentage of households below the 60% calories threshold, 
and (3) days between 80°F and 110°F decrease the percentage of households below 
the 80% thiamine threshold. The coefficients on the highest temperature bin (above 
110°F) are also generally closer to 0 than the coefficient estimates for last year’s grow-
ing season. This suggests that extreme heat during the previous growing season is a 
more important determinant of household food consumption this year, consistent 
with the hypothesis that heat’s impact on yields is driving the results. 

We also present the coefficients for the current year’s growing season weather from 
our main specification in table A6. We find no effects of extreme heat in the current 
year, with one exception: a decrease in the percentage of households experiencing 
strong thiamine undernutrition. The lag in the effect, with heat this year impacting 
nutrition in the next year, is also consistent with the agricultural mechanism. 

Second, we consider the possibility that heat in the prior period could affect house-
hold composition, in particular through increased mortality (Carleton et al. 2022). 
Heat-induced mortality could affect a household’s nutritional adequacy in two oppos-
ing ways. On the one hand, it could decrease a household’s productive capacity, 
decreasing the total amount of food for consumption. On the other hand, it could 
decrease the total amount of food necessary for the household. This latter effect 
may dominate the net effect on per capita consumption if older or less healthy house-
hold members, who are less likely to be able to contribute labor, are more susceptible 
to the mortality effects of heat. 

We directly test the mortality channel with data from the National Family Health 
Survey (IIPS and ICF 2017, 2022). These data include responses to two household 

Figure 5. Last year’s growing-season weather and home-grown versus purchased nutrients. 
A, Calories; B, protein; C, iron; D, zinc; E, thiamine; F, niacin; G, riboflavin. Panel A shows the 
change in calories per capita from home-grown foods (circles) and from purchased foods (dia-
monds) for each additional day at a given temperature during last year’s growing season relative 
to a day below 70°F. Panels B–G show the same relationship for different nutrients. Each out-
come is winsorized at the 1% and 99% levels. We match household-year-month nutritional out-
comes with weather data at the district-year-season level. All models include 10°F temperature 
bins from 70°F–80°F to above 110°F for this year’s and last year’s growing season ( June– 
December) and nongrowing season (March–May). They omit the <70°F bins so the coefficients 
can be interpreted relative to this temperature range. The models include district, month, and 
year fixed effects, state time trends, rainfall shocks, demographic (religion, social group, and 
head of household education) and household composition controls. Standard errors (error bars 
represent the 95% confidence interval) are clustered at the district level to account for any inter-
district correlation of the error terms. All regressions include household-level outcomes from 
2003–12. The models all include 314,414 observations. 
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Figure 6. Last year’s growing-season weather and working-age (14–65) work status. 
A, Household enterprise; B, away from home; C, household enterprise; D, away from home. 
Panel A shows the change in the percentage of working-age individuals (14–65) working in agricul-
ture at home for each additional day at a given temperature during last year’s growing season 
relative to a day below 70°F. Panel B shows the same relationship for working-age individuals 
working in agriculture away from home. Panels C and D show the same relationships as A and 
B, respectively, but for nonagricultural work. All models include 10°F temperature bins from 
70°F–80°F to above 110°F for this year’s and last year’s growing season ( June–December) 
and nongrowing season (March–May). They omit the <70°F bins so the coefficients can be in-
terpreted relative to this temperature range. The models include district, month, and year fixed 
effects, state time trends, rainfall shocks, individual demographic controls (religion, social group, 
age, sex and education level). Standard errors (error bars represent the 95% confidence interval) are 
clustered at the district level to account for any inter-district correlation of the error terms. All regres-
sions include individual-level outcomes from 2004–12. All models include 1,134,910 observations. 

surveys conducted in 2015–16 (round 4) and 2019–21 (round 5). In each survey, the 
head of household is asked to list any deaths in the household over the last four years 
and to note the year and age of death. We calculate mortality rates separately for four 
age groups: below 18, 18–39, above 40, and above 60. For each age group, district, and 
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year, we divide the number of deaths by the total number of people in that age group 
across all households. Table A3 shows the average mortality rates for each age group 
over this period, which range from 2.3 deaths per thousand people (ages 18–39) to 
35.9 deaths per thousand people (ages 60 and above). The analysis dataset covers the 
period from 2012 to 2019. As with the NSS data, we pair these mortality rates with 
district-level weather data from ERA5. 

We estimate a regression with the dependent variables district-year mortality rates 
for different age groups. We include the temperature distribution from the entire year 
(as opposed to separately by growing and nongrowing season), as extreme heat can 
impact current mortality at any time of the year. We plot coefficient estimates for the 
effects of temperatures on contemporaneous mortality rates in figure 7. Figure 7A shows 
that we find no effect of extreme heat on mortality rates for children below 18. Panels B, 
C, and  D, however, show suggestive evidence that extreme heat increases mortality for 
adults ages 18–39, above 40, and above 60. For example, a day above 110°F increases the 
mortality rate for adults at least 40 years old by around 0.5%. This coefficient is statis-
tically significant at the 0.05 level. The coefficients for adults 18–39 and above 60 are 
similar in magnitude, but noisier. It is important to note that these coefficients represent 
percentage changes and therefore represent different numbers of increased deaths. 
For instance, the 0.8% increase for adults 18–39 represents 0.018 additional deaths 
per 1,000 people, but the 0.5% increase for adults above 60 represents 0.18 additional 
deaths per 1,000 people. The magnitudes we find are slightly smaller than the effect 
found in a previous study for the period 1957–2000 (Burgess et al. 2017). In fig-
ure A7, we show the coefficients for the effects of extreme heat on mortality in the 
next year. The coefficients for the effect of a day above 110°F are smaller than in 
the case of this year’s mortality, and none of them are statistically significant at conven-
tional levels. 

These findings may lend a partial explanation to our finding that, on average, per 
capita consumption of calories and nutrients does not decrease. Specifically, if a heat 
wave that threatens crop yields also results in deaths, the net effect on per capita food 
consumption could be closer to zero than a shock that only decreases yields without 
directly contributing to a decrease in the number of people in the household. How-
ever, it is also important to note that any increase in households experiencing strong 
or extreme undernutrition is also net of any heat-induced mortality in the prior year. 

Third, we consider heat’s effects on labor activity, which could impact income. 
Heat could lower the probability of employment due to decreased health or labor de-
mand (Colmer 2021), or it could decrease on-the-job productivity (Somanathan et al. 
2021). The resulting reductions in labor income could then translate into decreased 
food consumption in the period after a heat shock. We directly test the labor force 
participation channel by estimating a regression, using the sample of working-age 
individuals, with the following dependent variable: a dummy variable indicating that 
someone is working. 
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Figure 7. This year’s full year weather and mortality. A, <18; B, 18–39; C, ≥40; D, ≥60. 
Panel A shows the change in the log mortality rate (deaths per 1,000 people) for children (be-
low 18) for each additional day at a given temperature this year relative to a day below 70°F. 
Panels B, C, and D show the same relationship as panel A, but for the 18–39, 40 and above, 
and 60 and above mortality rates, respectively. Each outcome is winsorized at the 1% and 99% 
levels. We pair district-year-level mortality rates from 2012 to 2019 with district-year-level 
weather. All models include 10°F temperature bins from 70°F–80°F to above 110°F for this 
year and last year. They omit the <70°F bins so the coefficients can be interpreted relative to 
this temperature range. The models include year and district fixed effects and a state-year trend. 
Standard errors (error bars represent the 95% confidence interval) are clustered at the district 
level to account for any inter-district correlation of the error terms. Panel A includes 3,407 ob-
servations, panel B includes 3,187 observations, panel C includes 3,695 observations, and panel D 
includes 3,689 observations. 

In figure A6, we show that a day above 110°F during the growing season results in 
a 0.16 percentage point decrease in the percentage of working-age individuals working 
in the same year (panel B). This coefficient is statistically significant at the 0.05 level. 
The effect on work in the next year (panel A) is a statistically insignificant decrease of 
0.09 percentage points. Panels C-F show that the coefficients in panels A and B are the 
net result of a decrease in workers in agriculture and an increase in workers in non-
agricultural sectors. This reduction in agricultural labor could be driven by heat’s 
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effects on labor demand or on labor supply. On the one hand, heat-induced decreases 
in crop production could lead to decreases in agricultural labor demand. On the other 
hand, workers may decrease agricultural labor during the growing season to avoid on-
the-job heat exposure, leading to lower home-grown crop production and an increase 
in food purchases in the next year. While we cannot rule out this possibility, air con-
ditioning penetration in rural India during this period was effectively 0 (Davis et al. 
2021), suggesting that the heat avoidance benefits of working in nonagriculture are 
likely limited. In addition, Colmer (2021) finds that extreme heat decreases agricul-
tural wages in rural India, suggesting that the labor demand mechanism dominates 
the labor supply one. Regardless of the precise mechanism, the net impacts of heat 
on the labor market may also help explain some of the increase in households expe-
riencing strong undernutrition. 

Fourth, we consider the possibility of a change in a woman’s current likelihood of 
being pregnant or raising an infant (Barreca and Schaller 2020). We test the fertility 
channel by estimating regressions with the number of children in the household as the 
outcome. These regressions are identical to our main specification but do not include 
household composition controls. Figure A8 plots the coefficient estimates for the im-
pact of last year’s growing season temperature on the number of children present in a 
household. It shows no effect of heat on the number of children in a household, which 
helps rule out the fertility channel. 

3.5. Robustness Tests 
We test the validity of our model through a series of robustness checks that we present 
in the appendix. First, in table A7 we show that our results do not change much when 
including district-month and year-month fixed effects. These fixed effects account for 
the possibility that each district, and each year, has a unique seasonality in nutritional 
outcomes. For example, wealthier districts may have a better ability to smooth consump-
tion across the year, whereas poorer districts may see food consumption decrease as time 
from the most recent harvest increases. The coefficient for a day above 110°F increases 
for most outcomes, but the other temperature coefficients are largely the same. This con-
sistency is unsurprising, because our identifying variation is driven by yearly, not monthly, 
variations in weather at the district level. 

Second, we show robustness to specifications that include alternative trends. Re-
placing state-year linear trends with district-year linear trends (table A8) or state-year 
quadratic trends (table A9) results in qualitatively similar coefficients. Table A10 re-
ports results from a first-difference estimator with the data collapsed to the district-year 
level, which also generates similar results. Third, we test the effect of removing this year’s 
weather as a control. Table A11 shows that we find qualitatively similar results to our 
main specification, though many of the coefficients are smaller. One explanation for this 
difference is the correlation between temperatures across years, which could lead to bias 
in the coefficients without controlling for this year’s weather. Fourth, we show that our 
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results are robust to the inclusion of different rainfall variables (tables A12, A13, and 
A14).7 

Fifth, we show that we find qualitatively similar results when considering different 
thresholds for strong or extreme undernutrition (e.g., 70% or 50% adequacy). In fig-
ure A5, we plot the effect of a growing-season day above 110°F on the percentage of 
households below different adequacy thresholds for each nutrient. The coefficients for 
70% and 80% thresholds are generally similar to one another (with the exception of 
zinc), as are the 50% and 60% thresholds. In general, the results in this figure point 
to larger negative impacts of heat at the lower end of the nutrient adequacy distribu-
tion, and the results are largely robust to using different thresholds to indicate strong 
undernutrition. 

We are unable to analyze two connections between household food consumption 
and individual health outcomes due to the nature of our data. First, we cannot take 
waste (during cooking or after), different preparation styles, or combinations of foods 
into account. It is possible that levels of waste differ after a heat shock, as households 
may waste less when less food is available. The survey does not indicate what foods 
were eaten when, which matters due to connections between different nutrients and 
their absorption. For example, iron absorption increases when vitamin C is eaten in 
the same meal (Lane and Richardson 2014). Second, we are unable to say anything 
about intra-household allocation of resources, which is biased against female children 
in India and other South Asian countries (Azam and Kingdon 2013; Kaul 2018). As 
such, our household-level estimates of undernourishment may misclassify it for certain 
particularly vulnerable groups. It is also possible that this allocation is sensitive to weather. 
Past work suggests that intra-household allocation is more unequal in households that 
are less economically well-off (D’Souza and Tandon 2019) and that this allocation can 
become more unequal during unexpected food shortages (Behrman and Deolalikar 
1990; Harris-Fry et al. 2017). Future work should, where possible, consider the effects 
of climate shocks on intra-household allocation. 

The sample of households in this study was surveyed between 2003 and 2012, and 
the effects of extreme heat on nutrition may have changed between the study period 
and the present day. On the one hand, changes in technology, wealth, or other ex ante 
adaptations may have reduced the impact of extreme heat on yields. On the other hand, 
warm days have become more frequent: relative to our sample period, the period 2015– 
24 saw 11 fewer days below 90°F and 11 more days above 90°F (though the number of 
days above 110°F is roughly the same). A higher frequency of hot growing-season days 
may increase the difficulty or decrease the effectiveness of certain types of adaptations, 
thereby increasing the harm from hot days. 

7. We also check that any per capita outcomes (e.g., calories per capita, calories from home 
per capita) are robust to setting children as equivalent to one-half or one-third of a person. We 
do not present these in the appendix, but they are available upon request. 
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4.  DISCUSSION  

Understanding household responses to rising temperatures is a key aspect of designing 
climate adaptation policy. Our findings suggest that rural Indian households have been 
able to partially mitigate the loss of calorie and nutrient consumption. They do so by 
purchasing more food than normal in order to compensate for losses in home-grown 
foods. In addition, after a hot growing season, there is a partial reallocation of labor 
among rural households from agriculture to nonagricultural sectors, which may help ex-
plain how households pay for these additional purchases. Importantly, these households 
may still face significant longer-term consequences that we cannot observe. Prior re-
search documents that poor rural households often lack access to credit or other means 
of smoothing consumption across periods in response to income shocks (Castells-
Quintana et al. 2018). Along with our findings, this suggests that households may be 
sacrificing nonfood purchases or reducing long-term investments in human capital. 

In addition, we find evidence of distributional impacts, with a hot growing season 
leading to an increase in households experiencing strong malnutrition. For some cru-
cial nutrients, such as iron, the largest decreases in consumption are among house-
holds at even more severe levels of undernutrition (around the 60% adequacy thresh-
old). This finding suggests that the costs of adaptation to a hot growing season may be 
prohibitively high for some households. This constraint may be especially binding for 
the poorest households, who are likely to already have low levels of food consumption. 
Future work should consider the impacts of policies that might increase resilience to 
climate shocks. For instance, policies that increase market access to both food and non-
agricultural labor employment opportunities may be effective in enhancing rural house-
holds’ abilities to adapt to heat shocks. Another set of policies may include direct cash 
assistance to households in areas that have recently experienced (or are forecast to expe-
rience) extreme heat, as has been done in the case of floods (Pople et al. 2021), droughts 
(Premand and Stoeffler 2022), and, more recently in India, heat (Madhok 2024). 
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