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in developing countries including India are still limited.
	 India is a prime case for examining the correlation 
between weather and economic performance. India has a 
tropical climate and is generally considered a hot country 
(11). Most Indian counties, especially those in the central 
and northern regions, experience extremely hot summers, 
with temperatures often reaching above 40°C during the 
peak summer months (11). Furthermore, the Indian economy 
significantly relies on weather-dependent sectors like 
agriculture, and India has a large population that is highly 
vulnerable to extreme weather events (12–14).  Our research 
examined the impact of heat waves on household income, 
agricultural labor inputs, and consumption in India, aiming to 
gain insights into the relationships between temperature and 
economic performance. In this work, we defined labor inputs 
as the amount of labor time contributed to the production 
of goods and services and consumption as the household 
expenditure on non-investment goods and services. In 
addition, household income included household agricultural 
income and non-agricultural income. The relationship 
between income/productivity and a rising local temperature 
in general is bell-shaped when starting from a relatively 
low average temperature, with a strong positive correlation 
between household wealth and higher temperatures in 
cold countries, and a strong negative correlation between 
household wealth and higher temperatures in hot countries 
(15). Note that an increasing income in response to 
temperature corresponds to a positive relationship whereas a 
decreasing income in response to temperature corresponds 
to a negative correlation. Thus, the relationship between 
household income and local temperature was expected to 
be negative in India, as it is a hot country with an average 
temperature of approximately 25°C from 1901 to 2024 (11). 
Moreover, a rising local temperature was expected to have 
a negative correlation to labor inputs, unless people show 
strong adaptation to climate change. On the other hand, it was 
not immediately clear whether the correlation between higher 
local temperatures and household consumption is positive or 
negative. While hotter days may lower household income and 
thereby force people to consume less, they may also increase 
the consumption of necessities like water and electricity as 
people try to adapt to the hot weather. We posited that the first 
effect of heat waves is stronger than the second effect, which 
meant that the lowered consumption due to lowered income 
dominated the increased consumption on necessities. As 
a result, there would be a negative correlation between 
higher local temperatures and consumption. Therefore, we 
hypothesized that a rising local temperature negatively affects 
Indian household income, agricultural income, consumption, 
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SUMMARY
In a world of dynamic environmental changes, it is 
crucial to understand how the environment influences 
economic activities and performance for better policy 
making. However, studies on how developing countries 
are affected by and coping with climate change are 
still limited. Since India is a hot country with a large 
population highly vulnerable to extreme weather, this 
research aimed to investigate how average Indian 
households respond to climate change by examining 
the impact of rising temperatures on their economic 
activities and performance. We hypothesized that a 
rising temperature has negative relationships with Indian 
household income, agricultural income, household 
consumption, and farm labor inputs. Using temperature 
data and household data from 2012, we conducted both 
correlation analysis and regression analysis. Our results 
indicated significant negative relationships between 
heat waves and household income and consumption. In 
addition, the strongest negative correlation was between 
heat waves and agricultural income, suggesting that the 
agricultural sector was one of the production sectors 
most impacted by heat waves. Moreover, the correlation 
between heat waves and annual agricultural labor inputs 
was U-shaped, indicating potential adaptation when hot 
days occur more frequently. Robustness checks using 
different definitions of heat waves and transforming 
our data for better linearity gave similar results. This 
research suggested that to improve agricultural income 
during heat waves, policies should focus on enhancing 
agricultural productivity, rather than labor inputs. 

INTRODUCTION
	 Research has documented that heat waves can 
negatively impact worker productivity and income, as high 
temperatures have been shown to decrease human physical 
and cognitive capabilities (1, 2). Studying the effect of hot 
weather on income and labor participation is crucial for 
understanding how short-term environmental conditions and 
long-term climatic trends influence economic performance 
and social welfare, which can in turn provide guidance 
on policy making. The relationship between weather and 
economic performance also provides valuable insights into 
the adaptation, resilience, and sustainability of any society 
in the face of global climate change (3). Lots of research has 
been conducted to investigate the influence of temperature 
on a variety of aspects of economic activities, including 
household income, production and productivity, migration, 
and adaptation (4–10). However, understandings on how high 
temperatures impact economic performance and adaptation 
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and farm labor inputs.
	 In this work, we compared the Indian local temperature 
in 2012 with a fifty-year average local temperature and 
counted the excessively hot days (i.e., days with temperature 
exceeding the 95th percentile of the temperature distribution). 
We used the count of excessively hot days as the proxy 
of heat waves since they reflected the same trend in the 
temperature change. We used the year 2012 because it 
was the most recent year of household data we were able 
to obtain. We then studied how the occurrences of local heat 
waves impacted Indian household economic performance. 
Our results indicated that local heat waves had a significant 
negative correlation with Indian household income per capita, 
agricultural income, consumption per capita, and agricultural 
labor inputs. In addition, we found that the negative correlation 
was strongest with agricultural income, suggesting that the 
agricultural sector was one of the most impacted production 
sectors by heat waves. Moreover, a significant U-shaped 
relationship existed between heat waves and annual farm 
days/hours, suggesting a potential adaptation in labor 
inputs when hot days become more frequent. Therefore, 
our results not only highlighted the negative impacts of 
heat waves on Indian household welfare but also provided 
policy guidance regarding how government might help 
improve agricultural productivity under higher temperatures. 

RESULTS
	 Our aim was to examine how higher temperatures affect 
Indian household economic activities and performance. We 
provided descriptive statistics of our household variables and 
temperature measurements. After that, we conducted both 
correlation analysis and regression analysis to investigate 
the correlation between high temperatures and household 
variables.

Summary Statistics

	 India was experiencing an increasing average temperature 
over the past thirty years (Figure 1).  The annual median 
maximum daily temperature was 30.1°C in 1990, 30.9°C in 
2000, 31.1°C in 2010, and 31.2°C in 2020 (Figure 1A). The 
most frequently occurring maximum daily temperature was 
30.3°C in 1990, 31.4°C in 2000, 31.2°C in 2010, and 32.5°C in 
2020 (Figure 1B). 
	 We used boxplots to provide descriptive statistics 
of all the numeric variables (Figure 2). There are five 
household economic variables: household income per capita 
(INCOMEPC); household consumption per capita (COPC); 
household income from agriculture minus expenses (INCAG); 
number of annual days spent on farm work (Farm Days); 
number of annual hours spent on farm work (Farm Hours). 
The first three variables have mean values of 26,163.18, 
24,242.24, 29,599.43 and median values of 15,170, 17,750.17, 
0 respectively. Farm Days have a mean value of 114 days and 
a median value of 90 days. Farm Hours have a mean value 
of 566 hours and a median value of 360 hours (Figure 2A). 
We measured the number of days with excessive heat as a 
proxy of heat waves. There are four different measurements 
of the number of excessively hot days: p95outlier, p99outlier, 
twoSDoutlier, and IQRoutlier. Here p95outlier was used in our 
baseline analysis and the other three measurements were 
used for robustness checks on our results. Among them, 
p95outlier is the least restrictive, with a mean value of 28 
days and a median value of 29 days. IQR outlier is the most 
restrictive, with a mean value of 2.65 days and a median value 
of 2.26 days. The mean and median values of p99outlier and 
twoSDoutlier are (7.16, 5.32) and (10.11, 6.46), respectively 
(Figure 2B).

Correlation Results
	 We analyzed the relationship between temperature and 
household economic variables using Pearson correlation 
and Spearman correlation. We found weak linear relationship 

Figure 1. Maximum daily temperatures in India in the years 1990, 2000, 2010, 2020. (A) The cumulative distribution plot of maximum daily 
temperatures with range zoomed to 25-45°C.The value 0.5 of cumulative probability on y-axis corresponds to the annual median maximum 
daily temperature on x-axis. (B) The density ridge plot of maximum daily temperatures with range zoomed to 20-45°C. The peak point of each 
curve shows the most frequent maximum daily temperature of the corresponding year.
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between each of our five household economic variables 
and heat waves based on Pearson correlation results (r = 
-0.05, -0.02, -0.07, 0.02, -0.08 for correlation between heat 
waves and income per capita, consumption per capita, 
agricultural income, annual farm hours, and annual farm days, 
respectively).
	 A basic assumption of Pearson correlation is that the data 
are normally distributed. However, Normal Quantile-Quantile 
(Q-Q) plots showed that our data violated this assumption 

(Figure 3). Among our household variables, consumption 
per capita, annual farm hours, and annual farm days were 
all skewed to both the left and right (Figure 3A, B, C), while 
per capita income and agricultural income were highly right-
skewed (Figure 3D, E). Since normality was violated, we 
employed Spearman’s rank correlation to gain further insights 
into these relationships. The signs of Spearman coefficients 
were the same as of Pearson coefficients. The coefficients 
indicated that monotonicity was generally weak among all 

Figure 3. Normal quantile-quantile (Q-Q) plots of household economic variables. The Q-Q plot for (A) household consumption per 
capita (COPC), (B) annual farm days, (C) annual farm hours, (D) income per capita (INCOMEPC), and (E) agricultural income (INCAG). Data 
are plotted as black open circles, while the red line indicates perfect normality. In each panel, data points deviate from the red line, indicating 
that the data is not normally distributed. 

Figure 2. Boxplots of numerical variables. (A) Boxplots of household economic variables: household income per capita (INCOMEPC); 
consumption per capita (COPC); agricultural income (INCAG); annual farm days (Farm Days); annual farm hours (Farm Hours). Axes are 
automatically cropped to the 1.5*IQR whiskers. Number of observations and standard deviation from the mean are (20,3520, 45,529.08) for 
INCOMEPC, (203,430, 26,056.34) for COPC, (203,520, 134,646.94) for INCAG, (46,193, 84.76) for Farm Days, (46,168, 591.04) for Farm 
Hours. (B) Boxplots of heatwave measurements: p95outlier, p99outlier, twoSDoutlier, and IQRoutlier. Axes are automatically cropped to the 
1.5*IQR whiskers. Number of observations for each measurement is 203,521; standard deviation from the mean is 15.02, 5.06, 6.66, 1.67 
respectively.
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five relationships. Agricultural income (r=-0.11), income 
per capita (r=-0.11), and consumption per capita (r=-0.11)  
exhibited  stronger monotonicity with heat waves relative to 
annual farm hours (r=0.01) and annual farm days (r=-0.07).
Next, to better visualize the correlations between heat waves 
and household variables, we plotted each relationship as a 
scatter plot. Out of these household variables, agricultural 
income has a clear negative relationship with heat waves, 
illustrated by the downward-sloping red line (Figure 4A). 
Consumption per capita also falls as the occurrence of heat 
waves increases. However, the correlation between income 
per capita and heat waves is unclear and non-monotonic 
(Figure 4B, C). The linear trend appears to be negative with 
annual farm hours/days, while LOESS shows a U-shape 
relationship between heat waves and these two variables 
(Figure 4D, E). As the U-shape is clear between heat waves 
and annual farm days, we also conducted a quadratic fit to 
assess their relationship (Figure 4F). We found a quadratic 
relationship between heat waves and annual farm days, 
suggesting that annual farm days initially fall as heat waves 
occur but eventually bounce back when heat waves occur 
more frequently (Figure 4F). 

Regression Results
	 We then used the ordinary least squares (OLS) regression 
to further explore the relationships between heat waves and 
household economic variables. OLS regression requires 
several preconditions. Our sample size of 203,521 is less than 
10% of the total population of India, ensuring independence 
of observations in the sense that each data point is unrelated 
to others. To address the potential issue of heteroskedastic 
regression errors, we applied HC3 robust standard errors to 
our OLS regression models. HC3 is one type of modification 

Table 1. Impacts of heat waves using Ordinary least squares 
(OLS). Heat waves have negative and significant correlations with 
all household variables, and the negative impact on agricultural 
income shows the largest scale. While heat waves initially show a 
negative correlation with annual farm days and hours, the U-shape 
in their correlations is significant. Here p95outlier is a heat wave 
measurement. Urban dummy with value 1 indicates that the 
household is located in urban areas; College dummy with value 1 
indicates that the highest education received within a household is 
bachelor’s or above; Brahmins dummy with value 1 indicates that the 
household belongs to the highest Indian caste. Coef = correlation 
coefficient. SD = robust standard deviations, which are shown in 
parentheses. (*** p<0.01, ** p<0.05, * p<0.10). 

Figure 4. Scatter plot diagrams on correlations between heat waves and household variables. The linear relationship between heat 
waves (measured by the count of excessively hot days) and (A) household agricultural income (INCAG), (B) income per capita (INCOMPEC), 
(C) consumption per capita (COPC), (D) farm days, and (E) farm hours, (F) Quadratic fit of the relationship between heat waves and annual 
farm days. The x-axis is the count of excessively hot days by summing the number of days with temperature exceeding the 95th percentile of 
the temperature distribution for a given state in 2012. The red line shows the best fit under a (A–E) linear or (F) quadratic assumption. (A–F) 
The red shaded area shows the trendline’s 95% confidence interval, and the blue dashed line is the Locally Estimated Scatterplot Smoothing 
(LOESS), which fits a smooth curve to the scatter plot without a structural assumption.  
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of the heteroskedasticity-consistent (HC) standard errors, 
which does not change the regression coefficients but 
corrects the t-test statistics of the regression coefficients for 
heteroskedasticity.
	 In the regression results, heat waves have negative and 
significant correlations with all five variables: income per 
capita, agricultural income, consumption per capita, annual 
farm days, and annual farm hours. Among them, the negative 
impact on agricultural income shows the largest scale, with 
one more hot day related to a drop of more than 600 Rupees. 
On the other hand, one more hot day is related to a drop of 
86 Rupees in income per capita and a drop of 37 Rupees in 
consumption per capita (Table 1). While heat waves initially 
show a negative correlation with annual farm days and hours, 
the U-shape in their correlations is significant, verified by the 
positive and significant coefficient of the squared heat waves 
(Table 1). 
	 Across the household features, being located in urban 
areas, getting at least a college degree, and belonging to the 
highest caste are all positively correlated with income per 
capita and consumption per capita. Living in urban locations 
and belonging to the highest caste are negatively correlated 
with agricultural income and annual farm hours, possibly 
because these groups of people take fewer agricultural jobs. 
On the other hand, obtaining at least a college degree is 
positively correlated with agricultural income and annual farm 
days/hours (Table 1). One potential explanation is that people 
with higher education tend to get full-time jobs when they 
choose to work in the agricultural sector.
	 We utilized multiple robust checks of the above regression 
results. One examination was to use different measurements 
for heat waves, including p99outlier and twoSDoutlier. The 

results asserted that the relationship between heat waves 
and our variables remains the same; only the coefficients 
of heat waves get bigger in absolute values, showing a 
larger scale of response among household variables to the 
occurrence of severe heat events. Since IQRoutlier measures 
the occurrence of extremely hot days, it exhibits the strongest 
negative correlation with the household economic variables 
(Table 2). 
	 Since the Pearson test indicated a rather weak linear 
relationship between heat waves and our household variables, 
we conducted a log-log transformation, a frequently used 
method to improve linearity and handle skewed data, on some 
variables as another robustness check. Because data values 
of consumption per capita and annual farm days/hours are 
all positive, log-log transformations were conducted on these 
data sets and the heat wave counts. The OLS results using 
transformed data indicated that the negative relationships are 
preserved between heat waves and consumption per capita 
(regression coefficient is -0.110 with robust standard deviation 
0.002) as well as annual farm days (regression coefficient is 
-0.123 with robust standard deviation 0.009). 

DISCUSSION
	 Our correlation and regression results asserted negative 
impacts from high temperatures on multiple Indian household 
economic variables. Moreover, household agricultural labor 
inputs exhibit a potential adaptation when excessively hot 
days were more frequent. Our results provided some policy 
guidance about improving agricultural productivity. 
	 We expected that heat waves and Indian household 
income would have a negative relationship, which was 
confirmed by our correlation and regression results. In 
addition, the negative effect of heat waves is more severe 
on agricultural income, suggesting that the agricultural 
sector is one of the production sectors most impacted 
by heat waves. While heat waves may either increase or 
decrease household consumption, our results indicated a 
negative correlation between heat waves and consumption. 
	 Our Pearson and Spearman correlation coefficients 
showed a negative relationship between heat waves and 
annual farm days, yet a very weak positive relationship 
between heat waves and annual farm hours. It is not clear 
whether hot days are negatively related to agricultural labor 
inputs. However, the significant U-shape in the correlation 
between heat waves and annual farm hours from our 
regression results indicated that the weak positive Pearson 
and Spearman coefficients could reflect the aggregate effect 
from a U-shaped relationship. Days/hours spent at farm work 
initially drop but eventually bounce back as the number of hot 
days continues to increase, showing a potential adaptation 
when people realize that higher-than-usual temperature 
becomes the norm, and they need to continue with farm work 
to make up for the loss from high temperature. Therefore, 
policies may focus more on improving agricultural production 
conditions and productivity, as the agricultural sector is fragile 
to heat waves and its income is impacted mainly by lowered 
productivity rather than lowered labor inputs on hot days.
	 When log-log transformation was conducted for better 
linearity, our major results continued to hold. We noted, 
however, that the correlation between annual farm hours and 

Table 2. Impacts of extremely hot days using OLS. The correlations 
between heat waves and household variables are stronger, showing 
a larger scale of response among household variables to extremely 
hot days. IQRoutlier is a heat wave measurement.  Coef = correlation 
coefficient. SD = robust standard deviations, which are shown in 
parentheses. (*** p<0.01, ** p<0.05, * p<0.10). 
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heat waves became positive in our regression results. While 
this appeared to indicate a very strong adaptation in farm 
hours to more frequent heat waves, we recognized that the 
result could reflect data overfitting due to the limited number of 
observations on the high frequency of hot days in our data set.
	 Our results regarding agricultural adaptation to higher 
temperatures correlated with other research work. In one 
study, Indian farmers were found to have adopted a wide range 
of adaptation measures in response to higher temperatures, 
including substantial changes in land use, resource and 
labor allocations, occupational pattern, and cropping systems 
(13). Our policy suggestions were also supported by the 
literature, which recommended large-scale investments in 
Indian agriculture to improve farmers’ capacity including their 
perception of climate change and adoption of adaptation 
measures (13).
	 Our findings were consistent with previous literature on 
how hot days impact productivity and income (12, 16–18). 
Using microdata from selected industrial firms in India, 
reduced worker productivity and increased absenteeism on 
hot days were estimated and annual plant output was found 
to fall by approximately 2% per degree Celsius (12). Based on 
survey data from China, hot days were found to be negatively 
correlated not only with real income but also with perceived 
income (16). Using data from 14 European countries, it 
was shown that heat waves significantly reduce individual 
income (17). With the occupational heat stress index WBGT 
to quantitatively estimate the impacts of climate change on 
work activities in countries and local communities, it was found 
that areas experiencing severe heat stress would expand, 
resulting in more substantial losses in work capacity and labor 
productivity (18). Our study therefore added to the growing 
body of literature indicating that increasing global temperatures 
negatively impact the labor force and local economies.
	 Our results also reinforced the literature message that the 
agricultural sector, due to its greater temperature exposure, 
is more fragile to heat waves. A systematical review of the 
literature on farmers’ perception of and adaptation to the 
rapidly changing climatic conditions in India found that 
the majority of the Indian farmers had perceived a rising 
temperature and decreased rainfall and concluded that climate 
change is adversely affecting the Indian agricultural sector 
(13).  The relationship between heat stress and household 
wealth across 52 countries was examined. Besides a strong 
negative correlation between household wealth and higher 
temperatures in many hot countries, it was found that people 
in poverty were more likely to work in occupations with greater 
temperature exposure and, therefore, were more impacted by 
rising temperatures (15). 
	 Literature had mixed messages on how heat waves 
affected consumption. On the one hand, hot weather may 
increase consumption due to the higher need for necessities, 
including water, medicine, and utilities. For example, it was 
shown that in two Indian cities, during heatwave days, low-
income urban workers who were exposed to the heat worked 
fewer hours and spent more on routine purchases such as 
food than during days of normal weather (1). In addition, 
multiple groups have studied the influence of heat waves 
on health, mortality, health care services, and adaptation 
(i.e., adjustment to environmental conditions); their findings 

indicated worsened health situation and increased demand on 
health care due to hot days (2, 19, 20). On the other hand, 
heat waves may also decrease consumption through lowered 
income (21). The reason is that excessively hot weather may 
force people to reduce labor inputs, which lowers income and 
thereby lowers consumption. Our regression results indicated 
that the second impact from heat waves on consumption was 
dominant, resulting in a negative and significant relationship 
between heat waves and consumption per capita. 
	 Literature indicated different adaptations to extreme 
temperatures across countries and populations at different 
income levels. For example, one study investigated how 
heat vulnerability affects household income and adaptation 
in Germany. The results indicated that while heat exposure 
levels were comparable between income groups, low-
income households were more heat-sensitive and had lower 
adaptation to heat stress (22). Another work showed that a 
global temperature change of 2.7 degrees Celsius could 
impose very different heat impact on work across different 
countries (18). Our work complemented previous literature 
by focusing on the Indian agricultural sector and investigating 
how farm workers adapted when hot days became more 
frequent. Our findings showed that the agricultural sector was 
more sensitive to heat and agricultural labor inputs exhibited a 
significant adaptation to heat waves. 
Our work hence contributed to the literature studying the 
impacts of heat waves on income, consumption, and labor 
adaptation. Our results suggested that policies may focus 
more on improving agricultural production conditions and 
productivity, as the agricultural sector is fragile to heat waves 
and its income is impacted mainly by lowered productivity on 
hot days. 
	 While the household dataset used in this paper was 
extensive in the number of Indian states included, it only 
covered one year of information. Therefore, there is the 
limitation of utilizing our results as it is not clear if the pattern is 
currently the same. In addition, we cannot directly generalize 
our results and cannot examine the impacts of heat waves 
across multiple years to gain a clear view of the trend. Instead, 
we looked at the regional impacts of heat waves on economic 
activities across various states, with several variables of 
household features controlled. Moreover, we did not have data 
on agricultural outputs like crop yield, therefore we cannot 
further examine how agricultural productivity is impacted by 
heat waves, or if there are other confounding factors affecting 
agricultural income. A more comprehensive data set with data 
across multiple years for household income, consumption, 
labor inputs, agricultural outputs, and other household features 
will allow for a more precise and quantitative estimation of the 
impacts of heat waves on local economies. Our work was 
also limited by our measuring heat waves by counting their 
occurrences, and our lack of measurements on temperature-
related trends including rainfall and humidity. In future work, 
measuring heat waves by not only their occurrence but also 
their magnitude and duration, and including measurements on 
rainfall or humidity, will enrich our insights regarding how heat 
waves with different severity levels tend to impact economic 
activities and social welfare.

MATERIAL AND METHODS
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Data Acquisition
	 The temperature data was obtained from ERA5, an open 
source of global climate and weather data with the highest 
daily temperature data available from 1940 onwards (23).  The 
daily temperature of 2012 of each district was taken. Based 
on each district, the monthly average temperature distribution 
over 1970–2020 was calculated and various standards were 
used to identify the number of “hot” days for each month in 
2012. Note that there were four different measurements of 
the number of excessively hot days: p95outlier, p99outlier, 
twoSDoutlier, and IQRoutlier. Among these measurements, 
p95outlier was used as the measurement for heat waves 
in our baseline analysis. Here p95outlier was the count of 
the number of days with temperature exceeding the 95th 
percentile of the temperature distribution. The monthly hot 
days were summed up to have the yearly hot days for each 
district. The count of heat waves was at the state level, 
given by the average number of yearly hot days across 
districts located within each state. In addition, IQR outliers 
were calculated at the state level to create a measurement 
for extremely hot days in each state, as IQR is a common 
statistical tool to identify outliers. Any day in a given month 
with the highest temperature exceeding the upper threshold 
(Q3 + 1.5*IQR) was considered an outlier. The robustness 
of our major results was checked and verified by using the 
other definitions of hot days, p99outlier, twoSDoutliner, and 
IQR outliers. Here p99outlier counted the number of days with 
temperature exceeding the 99th percentile; and twoSDoutlier 
counted the number of days with temperature at least two 
standard deviations above the mean monthly temperature.
Our household data came from the India Human Development 
Survey-II (IHDS-II), 2011–2012, which was a nationally 
representative, multi-topic panel survey over 33 states, 384 
districts, 1,420 villages, and 1,042 urban neighborhoods 
across India, with 204,569 total observations (24). IHDS-
II covered all Indian states and union territories except for 
the distant Indian island groups Andaman/Nicobar and 
Lakshadweep. Over half of IHDS-II households had some 
farm income, and about 11% reported negative farm income 
due to crop failures and high expenses. Out of the total 
observations, 46,292 observations (22.6%) reported engaging 
in farm work (24). Based on the household data, several 
control variables were created: Brahmins, Urban, and College, 
all were dichotomous variables valued at either 1 or 0. India 
has a complex caste system encompassing thousands of 
castes and sub-castes, and Brahmins are the highest caste 
category (25). As the caste affects Indian households’ access 
to resources including education and jobs, Brahmins was 
used as one control variable, with value 1 indicating that the 
household belongs to the highest Indian caste, and value 0 
otherwise. Urban with value 1 indicated that the household 
was located in urban areas; and College with value 1 indicated 
that the highest education received within a household was a 
bachelor’s degree or above. In our data, there were 10,253 
Brahmins out of 204,114 valid cases, accounting for about 5% 
of the total. The variable Urban grouped together metro urban 
and other urban locations as identified by the 2011 Indian 
census. There were 69,524 urban observations, accounting 
for 34% of the total, and 66% observations were located in 
rural areas. In the data, 37,596 out of 204,537 observations 

had college or higher education within the household, about 
18.4% of the total observations. 
	 Once the temperature data were merged with household 
data according to each household’s state ID, there were 
203,521 valid observations. The drop of 1,048 observations 
was because the temperature data does not include the 
Indian cities Chandigarh and Pondicherry or the Indian union 
territories Daman and Diu. Among our household economic 
variables, INCOMEPC, COPC, and INCAG were all measured 
in Rupees. Using the merged data set, descriptive statistics of 
all the numeric variables were provided with missing values 
excluded. RStudio was the software used in the research on 
all summary statistics, Pearson and Spearman correlation 
tests, and OLS regression. 

Data Analysis
	 Correlation and regression analysis were used for studying 
the relationship between heat waves and household economic 
performance. All our statistical and regression analysis used 
the merged data set. 
	 Pearson correlation tests were performed to determine 
the strength of correlation between each household economic 
variable (household income per capita, agricultural income, 
consumption per capita, annual farm days, and annual farm 
hours) and p95outlier, the proxy of heat waves. Normal 
Quantile-Quantile (Q-Q) plots were used to check if our data is 
normally distributed. A Normal Q-Q plot is a parametric curve 
that plots the data’s normally distributed quantiles against the 
observed data distribution; if the observed distribution follows 
normality, the points of the curve will fall along the identity line. 
Deviations from this identity line suggest that the data is not 
normally distributed. Spearman’s rank correlation evaluates 
how well a monotonic process shows the affinity between 
two variables. In our Spearman correlation test, the affinity 
between each household economic variable and the heat 
wave count p95outlier was evaluated.
	 Ordinary least squares (OLS) is a basic linear regression 
formula that models how a dependent variable y corresponds 
to independent variables x (26). In our OLS regressions, the 
dependent variable was each household economic variable. 
The independent variables were the heat wave count 
p85houtlier, and the control variables (Brahmins, Urban, 
College). In addition, as both annual farm days and annual 
farm hours were U-shaped in heat waves in the scatter plots, 
the quadratic term of heat waves was also controlled for in the 
regressions of these two variables to examine the significance 
of the U-shape.

Received: May 10, 2025
Accepted: October 13, 2025
Published: May 18, 2026

REFERENCES
1.	 Das, Saudamini. “Effects of Climate Change and Heat 

Waves on Low-Income Urban Workers: Evidence from 
India.” Inequality and Climate Change, Perspectives from 
the South, edited by Gian Carlo Delgado-Ramos, CODESRIA, 
Dec. 2015, pp.171–192. https://doi.org/10.2307/j.
ctvh8r0w3.14.

https://doi.org/10.2307/j.ctvh8r0w3.14
https://doi.org/10.2307/j.ctvh8r0w3.14


18 MAY 2026  |  VOL 9  |  8Journal of Emerging Investigators  •  www.emerginginvestigators.org

https://doi.org/10.59720/25-141

2.	 Sapari, Hadita, et al. “The Impact of Heat Waves on Health 
Care Services in Low- or Middle-Income Countries: Protocol 
for a Systematic Review.” JMIR Research Protocols, vol. 12, 
Oct. 2023, pp. e44702. https://doi.org/10.2196/44702. 

3.	 Dell, Melissa, et al. “What Do We Learn from the Weather? 
The New Climate-Economy Literature.” Journal of Economic 
Literature, vol. 52, no. 3, Sept. 2014, pp. 740–798. https://doi.
org/10.1257/jel.52.3.740.

4.	 Wesselbaum, Dennis. “Does Temperature Affect Income?” 
Economics Bulletin, vol. 41, no. 1, Mar. 2021, pp. 18–27. https://
EconPapers.repec.org/RePEc:ebl:ecbull:eb-19-00532. 

5.	 Dell, Melissa, et al. “Temperature and Income: Reconciling 
New Cross-Sectional and Panel Estimates.” American 
Economic Review, vol. 99, no. 22, May 2009, pp. 198–204. 
https://doi.org/10.1257/aer.99.2.198.

6.	 Deryugina, Tatyana and Solomon M. Hsiang. “Does the 
Environment Still Matter? Daily Temperature and Income 
in the United States.” NBER Working Paper Series 20750, 
Dec. 2014. https://doi.org/10.3386/w20750.

7.	 Horowitz, John, K. “The Income-Temperature Relationship 
in a Cross-Section of Countries and Its Implications for 
Predicting the Effects of Global Warming.” Environmental 
Resource Economics. vol. 44, Dec. 2009, pp. 475–493. 
https://doi.org/10.1007/s10640-009-9296-2.

8.	 Burke, Marshall, et al. “Global Non-linear Effect of 
Temperature on Economic Production.” Nature, vol. 
527, Oct. 2015, pp. 235–239. https://doi.org/10.1038/
nature15725.

9.	 Hirvonen, Kalle. “Temperature Changes, Household 
Consumption, and Internal Migration: Evidence from 
Tanzania.” American Journal of Agricultural Economics, 
vol. 98, no. 4, Jun. 2016, pp. 1230–1249. https://doi.
org/10.1093/ajae/aaw042.

10.	 LoPalo, Melissa. “Temperature, Worker Productivity, and 
Adaptation: Evidence from Survey Data Production.” 
American Economic Journal: Applied Economics, vol. 15, 
no. 1, Jan. 2023, pp. 192–229. https://doi.org/10.1257/
app.20200547.

11.	 “Climate Change Knowledge Portal for Development 
Practitioners and Policy Makers”. World Bank Group. 
https://climateknowledgeportal.worldbank.org/country/
india. Accessed 31 May 2025.

12.	 Somanathan, E., et al. “The Impact of Temperature 
on Productivity and Labor Supply: Evidence from 
Indian Manufacturing.” Journal of Political Economy, 
vol. 129, no. 6, Jun. 2021, pp. 1797–1827. https://doi.
org/10.1086/713733.

13.	 Datta, Pritha, et al. “Climate change and Indian Agriculture: 
A Systematic Review of Farmers’ Perception, Adaptation, 
and Transformation.” Environmental Challenges, vol. 
8, Aug. 2022, pp. 100543. https://doi.org/10.1016/j.
envc.2022.100543. 

14.	 “Consumer Pyramids Household Survey”. Centre for 
Monitoring Indian Economy Pvt. Ltd.  https://www.
consumerpyramidsdx.cmie.com. Accessed 31 May 2025. 

15.	 Park, Jisung, et al. “Households and Heat Stress: 
Estimating the Distributional Consequences of Climate 
Change.” Environment and Development Economics, vol. 
23, no. 3, Mar. 2018, pp. 349–368. https://doi.org/10.1017/
S1355770X1800013X. 

16.	 Sun, Ang, et al. “The Temperature Effect on Perceived 
Income.” Scientific Reports, no. 14, 2024, pp. 6169. 

https://doi.org/10.1038/s41598-024-56852-2.
17.	 Valenti, Giulia and Francesco Vona. “Hot Wages: How 

Do Heat Waves Change the Earnings Distribution?” 
FEEM Working Paper, no. 31, Jan. 2025.  https://dx.doi.
org/10.2139/ssrn.5096539.

18.	 Kjellstrom, Tord, et al. “Estimating Population Heat 
Exposure and Impacts on Working People in Conjunction 
with Climate Change.” International Journal of 
Biometeorology, vol. 62, Mar. 2018, pp. 291–306. https://
doi.org/10.1007/s00484-017-1407-0. 

19.	 Sakka, A., et al. “On the Thermal Performance of Low 
Income Housing During Heat Waves.” Energy and 
Buildings, vol. 49, Jun. 2012, pp. 69–77. https://doi.
org/10.1016/j.enbuild.2012.01.023.

20.	 Nguyen, Cuong Viet, et al. “The Impact of Cold Waves 
and Heat Waves on Mortality: Evidence from A Lower 
Middle-income Country.” Health Economics, vol. 32, Feb. 
2023, pp. 1220–1243. https://doi.org/10.1002/hec.4663.

21.	 Kang, Yeji, et al. “Compound Impact of Heatwaves 
on Vulnerable Groups Considering Age, Income, and 
Disability.” Scientific Reports, no. 14, Oct. 2024, pp. 
24732.  https://doi.org/10.1038/s41598-024-75224-4.

22.	 Osberghaus, Daniel and Thomas Abeling. “Heat 
Vulnerability and Adaptation of Low-income Households 
in Germany.” Global Environmental Change, vol. 
72, Jan. 2022, pp. 102446. https://doi.org/10.1016/j.
gloenvcha.2021.102446.

23.	 “ERA5 hourly data on single levels from 1940 to present”. 
Climate Data Store. https://cds.climate.copernicus.eu/
datasets/reanalysis-era5-single-levels?tab=overview. 
Accessed 31 May 2025.

24.	 “India Human Development Survey-II (IHDS-II), 2011-
12 (ICPSR 36151)”. A Population Health Data Archive. 
https://www.icpsr.umich.edu/web/DSDR/studies/36151. 
Accessed 31 May 2025.

25.	 “Caste System in India”. Wikipedia. https://en.wikipedia.
org/wiki/Caste_system_in_India.  Accessed 31 May 2025.

26.	 Zdaniuk, B. “Ordinary Least-Squares (OLS) Model.” 
Encyclopedia of Quality of Life and Well-Being Research, 
edited by A.C. Michalos, Springer (Dordrecht), 2014, pp. 
4515–4517. https://doi.org/10.1007/978-94-007-0753-
5_2008.

Copyright: © 2026 Benjamin Tang, Moumita Das. All 
JEI articles are distributed under the Creative Commons 
Attribution Noncommercial No Derivatives 4.0 International 
License. This means that you are free to share, copy, 
redistribute, remix, transform, or build upon the material for 
any purpose, provided that you credit the original author and 
source, include a link to the license, indicate any changes 
that were made, and make no representation that JEI or the 
original author(s) endorse you or your use of the work. The full 
details of the license are available at https://creativecommons.
org/licenses/by-nc-nd/4.0/deed.en.

https://doi.org/
https://doi.org/10.2196/44702
https://doi.org/10.1257/jel.52.3.740
https://doi.org/10.1257/jel.52.3.740
https://EconPapers.repec.org/RePEc:ebl:ecbull:eb-19-00532
https://EconPapers.repec.org/RePEc:ebl:ecbull:eb-19-00532
https://doi.org/10.1257/aer.99.2.198
https://doi.org/10.3386/w20750
https://doi.org/10.1007/s10640-009-9296-2
https://doi.org/10.1038/nature15725
https://doi.org/10.1038/nature15725
https://doi.org/10.1093/ajae/aaw042
https://doi.org/10.1093/ajae/aaw042
https://doi.org/10.1257/app.20200547
https://doi.org/10.1257/app.20200547
https://climateknowledgeportal.worldbank.org/country/india
https://climateknowledgeportal.worldbank.org/country/india
https://doi.org/10.1086/713733
https://doi.org/10.1086/713733
https://doi.org/10.1016/j.envc.2022.100543
https://doi.org/10.1016/j.envc.2022.100543
http://www.consumerpyramidsdx.cmie.com
http://www.consumerpyramidsdx.cmie.com
https://doi.org/10.1017/S1355770X1800013X
https://doi.org/10.1017/S1355770X1800013X
https://doi.org/10.1038/s41598-024-56852-2
https://dx.doi.org/10.2139/ssrn.5096539
https://dx.doi.org/10.2139/ssrn.5096539
https://doi.org/10.1007/s00484-017-1407-0
https://doi.org/10.1007/s00484-017-1407-0
https://doi.org/10.1016/j.enbuild.2012.01.023
https://doi.org/10.1016/j.enbuild.2012.01.023
https://doi.org/10.1002/hec.4663
https://doi.org/10.1038/s41598-024-75224-4
https://doi.org/10.1016/j.gloenvcha.2021.102446
https://doi.org/10.1016/j.gloenvcha.2021.102446
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview
https://en.wikipedia.org/wiki/Caste_system_in_India
https://en.wikipedia.org/wiki/Caste_system_in_India
https://doi.org/10.1007/978-94-007-0753-5_2008
https://doi.org/10.1007/978-94-007-0753-5_2008
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.en
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.en

