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A B S T R A C T   

Climate change has led to significant health effects. This study uses data from the China Health and Nutrition 
Survey (CHNS) to analyze the effects of extreme heat on health. The results show that extreme heat increases 
morbidity, disease severity, hospitalization, and treatment costs. Each additional day of extreme high temper
ature leads to an increase of approximately CNY 38.97 million in health expenditure, which is a non-negligible 
health cost. We further consider the environmental migration situation and model specifications, and the results 
remain consistent. In addition, we find that male, rural, and unemployed residents are more vulnerable to 
extreme heat. Education and income can moderate the negative effects of extreme heat, while increasing age 
increases the health effects of extreme heat. In addition to the negative health effects of extreme heat, we find 
that extreme heat affects individual health by reducing physical activity and reducing walking commutes.   

1. Introduction 

Since the Industrial Revolution, with the increase in global energy 
consumption and emissions, the global climate has progressively 
warmed. Global warming is accompanied by a gradual increase in the 
frequency of extreme weather phenomena, especially extremely high 
temperatures (Fischer et al., 2012; Change, 2014; Lee et al., 2014a; Guo 
et al., 2022; Rana et al., 2022). Climate change has brought numerous 
impacts on human production and life. Several studies have found that 
climate change can also negatively affect economic growth. For 
instance, Dell et al. (2009) found that a 1 ◦C increase in temperature can 
reduce economic growth by 8.5%. Such reduction may be due to 
extreme weather, which diminishes the productivity of individuals and 
subsequently affects the level of economic growth. Declining levels of 
economic growth are a complex outcome, which may be due to 
declining health (Bleakley, 2010; Cho, 2017; Chen et al., 2022a), 
insufficient agricultural income (Shah and Steinberg, 2017), and even 
political instability (Acemoglu et al., 2001; Dell et al., 2012). Conse
quently, climate change has profound and complex socioeconomic ef
fects (Engström, 2016; López and Yoon, 2020). 

Climate change has a wide range of impacts, of which the decline in 
health levels is an important factor. Some studies refer to climate change 
as the largest global threat to health in the 21st century (Costello et al., 
2009). When analyzing extreme weather, the existing literature has 

predominantly used neonatal health or death as a health indicator 
(Marcotte, 2015; Chalfin et al., 2019). However, the relationship be
tween extreme weather and morbidity in the general population has 
been understudied for two main reasons. First, data on incidence are less 
available (Graff Zivin and Neidell, 2013). Second, the general popula
tion is more mobile, and they may alter their levels of exposure to 
extreme heat through environmental migration, such as allocating time 
for indoor and outdoor activities (Marchiori et al., 2012; Cattaneoand 
Peri, 2016). Therefore, estimation becomes difficult. Moreover, the 
general population is more representative than the neonatal and aging 
population, and general disease outcomes are more sensitive than death 
outcomes. Hence, morbidity outcomes in the general population are 
more general than health outcomes. As such, quantifying the health cost 
of extreme heat to the general population becomes an important issue. 
As the largest developing country in the world, China has also faced the 
impact of extreme heat in recent years. According to a report by the 
China Meteorological Administration, from June to August 2022, the 
comprehensive intensity of regional high temperature events has 
reached the strongest level since complete meteorological observation 
records began in 1961.1 23 provincial units across the country experi
enced high temperatures above 40 ◦Celsius, and the daily maximum 
temperature at 366 national weather stations remained the same or 
exceeded historical extremes. China has a large population and a vast 
territory, and the impact of extreme weather is more widespread. 
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Therefore, estimating the impact of extreme weather on China is a key 
issue for assessing the impact of climate change. 

In this paper, we use data from the China Health and Nutrition 
Survey (CHNS) to analyze the impact of extreme heat on health. In the 
identification strategy, we directly count the occurrence of heatwave 
days at city level. Extreme weather is caused by global climate change, 
the impact of a single city on climate change is very small, and the 
impact of individual behavior on climate change is almost negligible. 
Therefore, the occurrence of extreme weather is a relatively exogenous 
event. One concern is that individuals vote with their feet to defend 
against extreme weather, and we further exclude those samples that are 
likely to relocate in sample. The results show a causal relationship be
tween extreme heat and morbidity, disease severity, hospitalization, and 
healthcare costs. In terms of medical costs, each additional day of 
extreme heat will result in a health expenditure of about CNY 38.97 
million. We further take environmental migration into account, and the 
results reveal that environmental migration in the sample has little 
impact on our estimation results. In the heterogeneity analysis, we find 
that female, rural, and unemployed individuals are more vulnerable to 
extreme heat. In addition, we find that income and education level are 
protective factors for health. Meanwhile, increase in age amplifies the 
negative effects of extreme weather. Finally, we further analyze the 
reasons for the impact of extreme heat. In addition to the direct effects of 
extreme heat on the human body, we find that extreme heat affects 
health by increasing indoor activity and reducing walking commutes. 

This study makes several contributions. First, this work quantifies 
the health costs of extreme heat. In quantifying health costs, several 
issues need to be addressed. One is how to construct a local extreme 
weather indicator. Some studies have directly used temperatures above 
30 ◦C as extreme temperatures (Karlsson and Ziebarth, 2018). Consid
ering that individuals have a certain adaptability to temperature, resi
dents of cold and hot regions have inconsistent definitions of heat. 
Therefore, the use of absolute temperature for the definition may lead to 
biased estimates. This study uses the temperature distribution of a city in 
the past three years and selects 95% as the threshold for extreme high 
temperature. Each region will have a different threshold, avoiding the 
use of absolute metrics. The second is how to consider the adaptive 
behavior of people. When weather conditions in an area are severe, 
individuals may consider environmental migration (Cameron and 
McConnaha, 2006). As environmental migrants are generally more 
environmentally sensitive individuals, they may underestimate the 
health effects of extreme heat. Hence, this study takes mobile samples 
into further consideration. Second, this research analyzes the mecha
nisms underlying the health effects of extreme heat. Evidently, extreme 
heat has a direct impact on health. Moreover, this work analyzes other 
socioeconomic channels. The results show that high temperature can 
reduce an individual’s fitness level by changing the individual’s indoor 
and outdoor time allocation and commuting patterns. Third, this 
research complements the health costs of extreme weather and provides 
policy parameters for assessing the social costs of climate change. Pre
vious studies have mainly focused on the impact of extreme heat on 
mortality. Although the cost of morbidity is lower than the cost of death, 
the current research provides a lower bound for the estimate. It provides 
a parameter for accounting for the social cost of extreme heat and pro
vides a policy basis for making climate change amelioration. 

The rest of the paper is organized as follows. Section 2 discusses the 
literature review. Then, Section 3 describes the data, while Section 4 
provides the empirical strategy. Section 5 presents the results. Lastly, 
Section 6 offers conclusions. 

2. Literature review 

Extreme heat is one of the major concerns of the current climate 
change. Research on the impact of the weather condition has mainly 
focused on three major aspects: economic growth, agricultural produc
tion, and labor market. The focus on health is primarily on labor market 

performance. In this section, we first describe the impact of climate 
change, especially extreme heat, on people’s socioeconomic activities. 
We then illustrate research on extreme heat and people’s health. Finally, 
we combine previous research trends with some key practices of this 
work. 

From the current research methods and theories, the most typical in 
theory is the Dynamic Integrated Model of Climate and the Economy 
proposed by Nordhaus (Nordhaus, 1991, 1992, 1993). This model uses 
the welfare function as the objective function to analyze the optimal 
path for capital investment and greenhouse gas emissions. In addition, 
the Ramsey-Cass-Koopmans Model (Fankhauser and Tol, 2005), Over
lapping Generation Model (Ansuategi and Escapa, 2002), and Endoge
nous Growth Model (Greiner, 2004, 2005) are used for analysis. 
Empirical studies have used changes in temperature. Some studies have 
confirmed that high temperatures reduce income levels (Dell et al., 
2009, 2014). For instance, Dell et al. (2009) analyzed cross-country data 
from 12 countries in the Americas and found that a 1 ◦C increase in 
temperature reduces economic growth by 8.5%. From the perspective of 
environmental adaptation, Deschênes and Greenstone (2007) pointed 
out that cross-section data may ignore some regional differences. Their 
study found no statistically significant relationship between weather 
changes and temperature, which may have been due to adaptive 
behavior. The impact of the environment on the economy, not only 
through temperature. Neglecting wind speed and humidity can lead to 
biased estimates. Another concern is the relationship between temper
ature change and labor productivity. Too high or too low temperature 
will reduce labor productivity. Niemelä et al. (2002) found through a 
case study that when the temperature is between 22 ◦C and 29 ◦C, each 
unit increase in temperature results in a 1.8% decrease in labor pro
ductivity. In addition, Wargocki and Wyon (2007) found that a 
comfortable temperature can improve students’ performance at class. 
Meanwhile, Lee et al. (2014b) directly focused on the effect of outdoor 
weather, and their results showed that the better the outdoor weather is, 
the more likely it will to cause bank staff to be distracted or seek leisure. 
Many studies have observed that the reasons for the decline in labor 
productivity are likely to play a role through health. For example, 
Deschênes and Greenstone (2011) found that extremely high and low 
temperatures both increase mortality. Regarding health effects, we 
elaborate further in the next section. In addition, some studies have also 
focused on the relationship between extreme weather and political 
stability (Burke and Leigh, 2010). Meanwhile, some studies have 
examined the relationship between extreme weather and crime (Baysan 
et al., 2019). 

We find that the impact of extreme temperature on humans is huge. 
One underlying mechanism is the individual’s health level. In this part, 
we analyze the relationship between extreme temperature and health in 
detail. The topic on the correlation between extreme heat and health is 
shared by the fields of environmental health (Patz et al., 2000; Hajat 
et al., 2010) and economics (Dell et al., 2014; Deschenes, 2014). A 
wealth of research exists in the field of environmental health, and 
related research has studied the impact of temperature on health 
without changing human behavior (Hondula et al., 2015). For instance, 
Curriero et al. (2002) analyzed the relationship between temperature 
and mortality in 11 large cities in the United States. They found that 
when the temperature rises to a certain threshold, as the temperature 
rises, the mortality rate also increases. Considering the situation in 
different countries, Martin et al. (2012) used the Distributed Lag Model 
to describe the temperature-mortality relationship in 15 Canadian cities. 
The results showed a correlation between rising temperature and rising 
mortality. Subsequently, many studies have analyzed the situation in 
developed countries and reached similar conclusions (Braga et al., 2002; 
Anderson and Bell, 2009; Bobb et al., 2014). A similar picture has been 
drawn for developing countries (Braga et al., 2002; Anderson and Bell, 
2009; Bobb et al., 2014). Economics also has relevant literature on this 
topic. Deschenes and Moretti (2009) estimated the impact of extreme 
weather on life expectancy in the United States. The results showed that 
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both severe cold and extreme heat are associated with increased mor
tality. In addition, the study also found that migration activities weaken 
the effects of extreme weather. Furthermore, Deschênes et al. (2009) 
analyzed the impact of extreme weather on neonatal health. The results 
suggested that extreme temperatures reduce the weight of newborns. In 
addition, the definition of extreme temperature is also a question worth 
exploring. Currently, three main approaches are used to define ex
tremes. The first approach is to use temperature directly as an explan
atory variable (e.g., Curriero et al. (2002); Braga et al. (2002); Bobb 
et al. (2014). The limitation of this method is that extreme temperature 
changes are difficult to capture. The second approach is to define 
extreme temperatures as temperatures above or below a certain 
threshold (e.g., Deschenes and Moretti (2009); Karlsson and Ziebarth 
(2018). These methods of defining extreme temperatures are sensitive to 
thresholds. The third method is to use the bins method, which divides 
the temperature evenly into multiple bins. By removing the bin with a 
temperature equal to 25 ◦C as a reference, the effect of different tem
peratures compared with 25 ◦C can be observed. Related papers are 
Deschênes et al. (2009), Deschênes and Greenstone (2011), and Barreca 
(2012). 

In summary, in terms of research topics, previous studies have 
mainly focused on serious health outcomes, such as mortality, which 
only reflects the severe impact of extreme heat on people’s health, lacks 
sensitivity analysis. Second, only estimating mortality rates may un
derestimate the economic costs of extreme weather. In addition, extreme 
temperatures can be measured in several ways. One common approach 
is to use a certain critical value as the threshold. However, this method is 
very sensitive to the threshold. Research on extreme temperature is 
becoming increasingly extensive. The impact of heat on economic pro
duction activities is mainly through the impact on healthy capital. 
Therefore, we have conducted in-depth research on this topic, 
combining existing problems. We pay much attention to the analysis of 
the incidence due to individual incidence is more sensitive to extreme 
weather. What’s more this paper uses the distribution of temperature in 
the past three years to determine the threshold so that the threshold is 
different for each city, which considers the heterogeneity of different 
cities. Compared with the existing literature, we supplement the inci
dence health outcomes and definition of extreme temperatures. 

3. Data 

The health data come from the China Health and Nutrition Survey 
(CHNS). The first survey of CHNS was in 1989, followed by surveys at 
intervals of about three years. So far, 10 surveys have been conducted. 
The survey has been co-organized by the Carolina Population Center at 
the University of North Carolina and the Chinese Center for Disease 
Control and Prevention. CHNS adopts multistage, random cluster pro
cess sampling. In the initial survey, the study subjects were eight 
provincial-level units in China, which were carefully selected by the 
study designers to represent the overall level of China as possible. Study 
designers stratified by income in these provinces. Select four main 
counties within each provincial unit. Most provincial-level units also 
choose provincial-level administrative centers and cities with the lowest 
incomes in the province as the survey objects. In the follow-up survey, 
the research further expanded the research object. We used a sample 
from 1989 to 2015.2 Fig. A1 plots the distribution of surveyed provinces. 

The CHNS collects a large amount of household health and nutrition 
information. The questionnaire contains several questions about indi
vidual health outcomes, and we have selected four representative 
questions. (1) “During the past four weeks, have you been sick or 
injured? Have you suffered from a chronic or acute disease?” We mark 
this question as Incidence. Observations that warrant the answer Yes are 

recorded as 1, and those that warrant the answer No are recorded as 0. 
(2) “How severe was the illness or injury?” We mark this question as 
Severity. Observations with health status are assigned 0, observations 
answering not severe are assigned 1, observations answering somewhat 
severe are assigned 2, and observations answering quite severe are 
assigned 3. (3) “Was it an outpatient or inpatient visit?” We mark this 
question as Hospitalized. The healthy observations are recorded as 0, the 
observations answering outpatient are recorded as 1, and the observa
tions answering inpatient are recorded as 2. The last question is about 
health expenditure. (4) “How much did this treatment cost or how much 
has this treatment cost so far (including all registration fees, medicines, 
treatment fees, bed fees, etc.)?” (Unit: CNY). We denote this problem 
with Cost. We take these four questions as the explained variables. The 
remaining individual-level controls also come from the CHNS. 

The independent variable we are concerned about is temperature 
heat. The weather data come from the Daily Value Dataset of China 
Surface Climate Data in the National Meteorological Science Data 
Sharing Service Platform of China.3 The dataset contains weather vari
ables, such as average temperature, precipitation, sunshine duration, 
pressure, relative humidity, and wind speed. As the data are station- 
monitoring data, the number of monitoring points varies greatly be
tween cities. In some cases, some areas may not have monitoring points. 
In addition, some cities are large, and the observation points may not be 
enough to reflect the weather conditions of this city. Considering this 
situation, we use the Inverse-Distance Weighting (IWD) method to 
perform raster interpolation on the meteorological data. We calculate 
the average of each city containing raster. For cities where none of the 
monitoring points fall within the region, we supplement them with the 
nearest monitoring point. Considering that individuals in each city have 
different definitions of extremely high temperature, we use the quantile 
of past historical temperature to define. Then, we calculate the sum of 
the number of days of extreme temperature that individuals have been 
exposed to in the past four weeks before the survey date. In the baseline 
results, we select the historical temperature distribution in the past three 
years and judge the temperature above the 95% quantile as the extreme 
heat. In subsequent robustness checks, we use different ranges of his
torical temperatures and quantiles for robustness checks. Other weather 
variables are simply averaged over the past four weeks. 

Table 1 reports the summary statistics of key variables used in the 
baseline regression. Although we include individual fixed effects in the 
model, we still analyze some characteristics of individuals in the het
erogeneity analysis. Therefore, we also report some basic information at 
the individual level here. About 10.5% of the individuals in the sample 
have been affected by the disease in the last four weeks. This ratio is not 
surprising given the situation of newborns and aging populations. As 
severity and hospitalization are a continuous variable, insufficient in
formation is given in descriptive statistics. However, given the small 
mean, healthy people still account for a larger proportion. The per capita 
health expenditure is CNY 1.503, but the maximum value is about CNY 1 
million. From the measurement of extreme heat, when the extreme heat 
requirements are strict (95%), the number of days with extreme heat is 
fewer; when the loose standard is used (90%), the number of days with 
extreme heat is more. On average, in the past four weeks, one to two 
days have extreme heat. Notably, some areas face more extreme high 
temperature days, and extreme high temperatures may occur for most of 
the past four weeks. The extreme heat has a large variation, which is 
beneficial to our estimation of its impact. In terms of individual char
acteristics, about 64.2% of individuals have work. Furthermore, the 
male-to-female ratio is very close, the average age of individuals is 
approximately 37 years, and the average income level is about CNY 
4474. Given that our data include the elderly and children, they may 
have no income. The average level of education is about middle school. 

2 CHNS began in 1989, and the 2015 sample is the latest sample obtained at 
the beginning of this study. 

3 See http://101.200.76.197/data/detail/dataCode/SURF_CLI_CHN_MUL_ 
DAY_V3.0.html for details. 
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4. Empirical strategy 

To quantify the causal effects of extreme heat on health, we use 
changes in the number of extreme heat days reading in past 28 days 
before the survey day. The specific model settings are as follows: 

Healthijt = β
∑28

k=1
Heatwavej,t− k+1 + Weatherjt + θi + ρj × μy + εijt,

where Healthijt represents the health of individual i on survey date t and 
at city j. We are concerned about four health variables, namely, 

Fig. A1. The distribution of the survey area in the sample.  
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morbidity, severity of disease, hospitalization, and cost of disease. 
∑28

k=1Heatwavej,t− k+1 represents the number of extreme heat days in the 
past four weeks before survey date t at city j. Weatherjt represents the 
weather controls, including precipitation, sunshine duration, pressure, 
relative humidity, and wind speed. Considering that weather variables 
have a nonlinear impact on individual health (Zhang et al., 2018; 
Adhvaryu et al., 2020; Somanathan et al., 2021), we split the weather 
controls into multiple bins and enter regression.4 β is the parameter of 
interest to capture the health effects of extreme heat. 

θi represents an individual fixed effect, which captures the property 
of an individual that does not change over time. As our sample has a 
large span in the time dimension and many individuals are observed 
multiple times, adding individual fixed effects will not reduce too many 
degrees of freedom. In addition, it can reduce the worry about omitted 
variable bias to some extent. Notably, the individual fixed effects only 
help us eliminate omitted variables that do not vary over time with in
dividual attributes. Considering that time-varying individual variables 
may also influence our estimation, we further consider age, the squared 
term of age, income, and education in the robustness checks. ρj ×μy 

represents city by year fixed effects, which absorbs annual shocks from 
the national level, such as the 2008 national financial crisis. These fixed 
effects can also capture inherent properties of cities, such as each city’s 
time-invariant customs. More importantly, these fixed effects can also 
absorb the annual exogenous changes of each city, such as the city-level 
annual GDP, population, and other city by year-level socioeconomic 
variables. In addition, we consider the seasonal variation of many dis
eases (Marcotte, 2015; Chalfin et al., 2019) and include the month fixed 
effect in the robustness checks. Considering that respondents may have 

different states on weekdays and weekends, we add day-of-week fixed 
effects in the robustness checks.5 εijt is the error term, and the standard 
errors are clustered at the individual level. Considering that the sam
pling is to select the household level in different regions for the survey, 
we cluster the standard errors at the survey site level and the household 
level in our robustness checks. The survey site is a six-digit code, the first 
two digits represent the province, the third digit represents the urban or 
rural site, the fourth digit represents the district or county units, and the 
last two digits represent the village committee or neighborhood com
mittee units. 

To obtain a consistent estimator of β, the condition 
cov(

∑28
k=1Heatwavej,t− k+1, εijt) = 0 needs to be satisfied. The number of 

exposures to extreme heat can be regarded as a plausibly exogenous 
change for an individual. First, although the weather forecast makes a 
prediction about the temperature the next day, outdoor activities are 
more often reduced by rainfall and rarely by hot weather. Second, the 
definition of extreme heat is based on the relative situation of temper
ature changes in the past three years. Individuals have difficulty judging 
whether tomorrow’s temperature is extreme based on historical condi
tions. Finally, individuals experiencing recent extreme heat may opt to 
reduce outdoor exposure and downgrade the effects of temperature. 
Nevertheless, individuals also tend to buy air conditioners and even vote 
with their feet. Therefore, when extreme weather is a plausibly exoge
nous change, the estimate of β will be a consistent estimator. However, 
we may underestimate the impact of extreme heat due to some poten
tially short-term avoidance behavior. In the long run, individuals may 
vote with their feet in response to extreme heat. In the robustness 
checks, we only estimate individuals with many observations, thus 
reducing the impact of individual mobility. In addition, our model 
avoids some potential omitted variables bias. We include rich controls 
and fixed effects to avoid the impact of extreme heat on health by 
altering individual characteristics and local socioeconomic factors. 

5. Results 

5.1. Baseline results 

We estimate Equation (1) using OLS in Table 2. Panels A, B, C, and D 
of Table 2 report the effects of extreme heat on morbidity, disease 
severity, hospitalization, and health expenditure, respectively. Column 
1 does not contain any control variables and fixed effects but simply 
estimates the correlation between extreme heat and health outcomes. 
Column 2 further contains individual fixed effects and city by year fixed 
effects. Column 3 further considers the effects of other weather vari
ables. In the section on empirical strategy, we believe that extreme heat 
can be viewed as an exogenous shock. This assumption implies that the 
relationship between extreme heat and other variables should be 
orthogonal. By comparing Columns 1, 2, and 3 across Panels A, B, C, and 
D, we find that the coefficients for extreme heat barely change signifi
cantly. Therefore, this result, to a certain extent, shows that the rela
tionship between extreme heat and other variables is orthogonal, and 
the problem of omitted variables is not much of a concern. We take 
Column 4 as our baseline result for further analysis. 

In Panel A, we find that each additional day of extreme heat is 
associated with a 0.4% increase in the probability of disease, which is 
approximately 3.810% of the morbidity mean (0.105). We find that the 
effects of extreme heat are not large compared with the mean. In the 
sample, extreme heat averages about one day. Notably, the distribution 
of extreme temperatures is not uniform across regions. The maximum 
value in the sample is 19 days. Roughly calculated, the morbidity in 
these regions with maximum value may increase by 7.6%. These effects 

Table 1 
Summary statistics of key variables.  

Variable Sample size Mean SD Min Max 

Panel A: Explained variables 
Incidence 105,137 0.105 0.307 0 1 
Severity 108,340 0.232 0.628 0 3 
Hospitalized 108,340 0.101 0.331 0 2 
Log Cost (CNY) 108,340 0.408 1.467 0 13.82 
Panel B: City level variables 
Heatwaves_95%_1year 108,340 0.846 2.156 0 15 
Heatwaves_95%_2year 108,340 0.817 2.260 0 19 
Heatwaves_95%_3year 108,340 0.794 2.261 0 19 
Heatwaves_90%_1year 108,340 1.865 4.002 0 26 
Heatwaves_90%_2year 108,340 1.773 4.053 0 26 
Heatwaves_90%_3year 108,340 1.750 4.027 0 27 
Precipitation (mm) 108,340 2.395 1.608 0.0390 10.74 
Pressure (hPa) 108,340 989.5 35.10 850.9 1027 
Relative humidity (%) 108,340 74.46 7.473 44.39 89.62 
Sunshine duration (h) 108,340 5.360 1.726 0.271 9.767 
Wind speed (m/s) 108,340 1.894 0.681 0.802 5.900 
Panel C: Individual variables 
Work 87,391 0.642 0.479 0 1 
Site (1=Urban, 2=Rural) 108,340 1.685 0.464 1 2 
Gender (1=Male, 2=Female) 107,947 1.501 0.500 1 2 
Age 108,338 37.70 21.37 0 100 
Log Income (CNY) 106,697 8.406 1.362 0 13.72 
Education 97,543 1.594 1.347 0 6 

Note: Individual level data come from the CHNS, and the weather data come 
from the Daily Value Dataset of China Surface Climate Data in the National 
Meteorological Science Data Sharing Service Platform of China. The meaning of 
variable education is as follows: 6 = master’s degree or higher, 5 = university or 
college degree, 4 = technical or vocational degree, 3 = upper middle school 
degree, 2 = lower middle school degree, 1 = graduated from primary school, 0 
= illiteracy. 

4 We use the maximum and minimum values of weather variables to calculate 
the range and then divide 10 bins according to the range. 

5 Respondents may be more relaxed when answering the questionnaire on 
weekends. 
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cannot be ignored. In Panel B, we find that extreme heat is associated 
with a 1.3% increase in disease severity. In Panel C, we find that extreme 
heat increases the probability of being healthy to outpatient or outpa
tient to hospitalization by 0.5%. Panel D is the result that we are more 
concerned about, which directly affects the welfare level of the indi
vidual. The results show that each additional day of extreme heat is 
associated with a 1.8% increase in the cost of illness. The current 
average medical expenditure is CNY 1.503 (=e^0.408), and one extra 
day of extreme heat will result in CNY 0.027 in health expenditure. The 
seventh census announced a population of 1443,497,378 for 2020.6 

With such a large population base, the health expenditure is CNY 38.97 
million, which is not a small health expense. As we have only calculated 
the health expenditure due to morbidity and have not calculated the 
health value of reduced lifespan, our estimate is only a lower bound on 
the health cost of extreme heat. 

5.2. Robustness checks 

In this subsection, we perform robustness checks for the baseline 
estimates. First, in the baseline regression, we use the full sample for 
analysis and keep as many observations as possible to increase the de
grees of freedom and improve the accuracy of the estimate. Nonetheless, 
we may include some individuals who vote with their feet. We do not 
know what proportion will cause environmental migration. Although 
some literature discusses the issue of environmental migration (Chen 
et al., 2020; Liu and Yu, 2020, 2022b), we do not know what the pro
portion of environmental migration is in our sample. At this time, the 
individuals we observe may be individuals that experience less impact 
on extreme heat, thus leading us to underestimate the health effects of 
extreme heat. Since we do not know which individuals are relocated 

individuals, we may not be able to accurately identify this problem. A 
possible strategy is that individuals observed multiple times are less 
likely to relocate, but individuals observed only once or twice are more 
likely to relocate. Therefore, we use the number of observations as a 
measure of whether to relocate. Some studies using longitude data have 
taken similar steps (Persico, 2022). As CHNS is a longitude data survey, 
we can count the number of times an individual is observed. The sample 
size may be reduced too much if the individuals observed for each wave 
are retained. To trade off sample size and liquidity, we estimate samples 
with more than two, four, and six observations separately. Panels A, B, 
and C of Table 3 analyze the impact of heatwaves on incidence, disease 
severity, hospitalization, and health cost when considering the number 
of observations of the sample lager than two, four, six, respectively. Each 
coefficient is from a separate regression. Compared with the baseline 
results, the estimated coefficient does not change much, which is close to 
the baseline results. 

Second, in the baseline results, we only control for the policy impact 
in the city by year level, and we have not further considered other time 
factors. When analyzing health outcomes, some studies have found that 
many seasonal illnesses can affect health (Marcotte, 2015; Chalfin et al., 
2019). To avoid such concerns, we further add month fixed effects. In 
addition, some studies have pointed out that the individual’s psycho
logical status is closely related to whether they are working during 
certain days (Gondhalekar and Mehdian, 2003; Stone et al., 2012). We 
further add day-of-week fixed effects to eliminate this concern. Panel A 
in Table 4 estimates the results further by considering month fixed ef
fects and day-of-week fixed effects. The results show that adding addi
tional fixed effects does not make much difference to our results, which 
is still consistent with the baseline results. 

Third, although individual fixed effects are added in the baseline 
results, the problem of omitted variables (individual characteristics do 
not change with time) is addressed. Nonetheless, our model can omit 
individual characteristic variables that vary over time. Therefore, based 
on the baseline results, we further consider age, the squared term of age, 
income, and education. Panel B in Table 4 reports the estimated results, 
and some estimated coefficients have changed slightly but not does not 

Table 2 
Baseline results.   

(1) (2) (3) 

Panel A: Incidence    
Heatwaves_95%_3year 0.004*** 0.005*** 0.004***  

(0.000) (0.001) (0.001) 
Sample size 115,502 106,344 106,344 
R square 0.001 0.360 0.361 
Panel B: Severity    
Heatwaves_95%_3year 0.010*** 0.014*** 0.013***  

(0.001) (0.002) (0.003) 
Sample size 119,039 109,970 109,970 
R square 0.001 0.385 0.386 
Panel C: Hospitalized    
Heatwaves_95%_3year 0.003*** 0.006*** 0.005***  

(0.000) (0.001) (0.001) 
Sample size 119,039 109,970 109,970 
R square 0.000 0.341 0.342 
Panel D: Log Cost    
Heatwaves_95%_3year 0.014*** 0.019*** 0.018***  

(0.002) (0.006) (0.006) 
Sample size 117,548 108,340 108,340 
R square 0.000 0.339 0.340 
Weather Controls No No Yes 
Individual FEs No Yes Yes 
City by year FEs No Yes Yes 

Note: Panels A, B, C, and D analyzed the impact of heatwaves on incidence, 
disease severity, hospitalization, and health cost, respectively. Each coefficient 
is from a separate regression. Weather controls include precipitation, pressure, 
relative humidity, sunshine duration, and wind speed. The weather variables are 
based on the average value of the window four weeks before the survey day. 
Considering the nonlinear effects of weather variables, we divide them into 
multiple bins in the regression. Standard errors are clustered at the individual 
level. Significance levels are ***1%, **5%, and *10%. 

Table 3 
Robustness checks for sample liquidity.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: # Observation > 2 
Heatwaves_95%_3year 0.003** 0.013*** 0.004** 0.012*  

(0.001) (0.003) (0.001) (0.006) 
Sample size 90,612 93,588 93,588 92,572 
R square 0.307 0.337 0.285 0.274 
Panel B: # Observation > 4 
Heatwaves_95%_3year 0.004*** 0.015*** 0.005*** 0.016**  

(0.002) (0.003) (0.002) (0.008) 
Sample size 66,385 68,460 68,460 67,702 
R square 0.278 0.309 0.256 0.246 
Panel C: # Observation > 6 
Heatwaves_95%_3year 0.005** 0.017*** 0.005** 0.020*  

(0.002) (0.004) (0.002) (0.010) 
Sample size 41,648 42,532 42,532 42,041 
R square 0.264 0.299 0.251 0.237 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Panels A, B, and C analyze the impact of heatwaves on incidence, disease 
severity, hospitalization, and health cost when considering the number of ob
servations of the sample larger than two, four, and six, respectively. Each co
efficient is from a separate regression, which includes a full set of individual 
fixed effects and city by year fixed effects. Weather controls include precipita
tion, pressure, relative humidity, sunshine duration, and wind speed. The 
weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 

6 See http://www.gov.cn/guoqing/2021-05/13/content_5606149.htm for 
details 
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affect our conclusions. 
Fourth, in the baseline results, the standard errors are clustered at the 

individual level. However, this setting is not perfect. In the sampling 
process, the survey points in each area are first determined. Then, the 
households in the survey points are sampled. Therefore, interactions 
between households and survey sites are difficult to rule out, as they can 
cause the standard error to shift downward (Moulton, 1986; Fu et al., 
2021). To avoid this concern, standard errors are further clustered at the 
household and survey site levels. Panel C in Table 4 reports standard 
errors at the household and site levels, respectively. Given the stricter 
requirements on the standard error, the significance level has decreased 
but remained significant at least at the 10% significance level. 

Finally, in the preferred specification, we have selected 95% of the 
temperature distribution over the past three years as the critical value. 

However, the choice of this threshold may be too subjective. An in
dividual’s memory of temperature may not be three years, and the 
temperature that has not yet reached a critical value may also have a 
negative impact on an individual’s health. To address this concern, we 
have changed the reference to the temperature distribution over the past 
one year and two years from 95% critical to 90% critical, respectively. 
Panel D in Table 4 reports the results of this estimate and combining 
critical criteria with different temperature distributions does not change 
our results. Another concern is the possibility that cities do not experi
ence extreme weather with little change in temperature throughout the 
year. But in our definition, every city will always have extreme weather. 
To avoid this concern, we define days with temperatures above 30 
◦Celsius as extreme weather. The final section of Panel D of Table 4 
reports the estimated results. The results show that the use of unified 
standards for measurement does not affect our conclusions. 

5.3. Heterogeneity analysis 

Extreme heat can affect different populations differently. First, we 
analyze the effect of extreme heat on different genders. Panels A and B of 
Table 5 report the health effects of extreme heat on females and males, 
respectively. The male sample is larger than the female sample both in 
coefficient and significance levels. This outcome could be due to two 
reasons. On the one hand, some studies have indicated that females are 
more likely to be uncomfortable with extreme heat (Karjalainen, 2012). 
Therefore, females are more likely to reduce their exposure to extreme 
heat and reduce damage from extreme heat. On the other hand, the main 
burden of outdoor work is male, which may increase the impact of 
extreme heat on female. 

Second, we analyze the effect of heterogeneity between urban and 
rural residents. Table 6 reports the sensitivity of residents to extreme 
heat in different settlements. By comparing Columns 1, 3, and 4, we find 
that rural residents are more susceptible to morbidity, hospitalization, 
and health spending. By comparing Column 2, we find no significant 
difference in disease severity between rural and urban residents. When 
faced with the impact of extreme heat, urbans have higher income 
levels, more employment opportunities, better medical resources, and 
higher resistance to the negative effects of extreme temperatures (Rav
allion and Van De Walle, 1991). 

Third, we distinguish individual differences in work states. We found 
that extreme heat has little effect on residents of cities, possibly because 
city residents have better job opportunities. Therefore, we further 

Table 4 
Robustness checks for different specifications and variable measures.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: With month FEs and day of week FEs 
Heatwaves_95%_3year 0.003** 0.012*** 0.005*** 0.016**  

(0.001) (0.003) (0.001) (0.007) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.387 0.342 0.340 
Panel B: With individual controls 
Heatwaves_95%_3year 0.003** 0.014*** 0.005*** 0.015**  

(0.001) (0.003) (0.001) (0.006) 
Sample size 93,824 95,823 95,823 94,387 
R square 0.365 0.396 0.349 0.342 
Panel C: Standard errors are clustered at survey area level and family level 
Heatwaves_95%_3year 0.004 0.013 0.005 0.018  

(0.002) * (0.004) *** (0.002) ** (0.009) **  
(0.002) ** (0.003) *** (0.002) *** (0.008) ** 

Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Panel D: Different Heatwaves measures 
Heatwaves_95%_1year 0.005*** 0.015*** 0.006*** 0.023***  

(0.001) (0.003) (0.001) (0.006) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwaves_95%_2year 0.005*** 0.016*** 0.006*** 0.022***  

(0.001) (0.002) (0.001) (0.006) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwaves_95%_3year 0.004*** 0.013*** 0.005*** 0.018***  

(0.001) (0.003) (0.001) (0.006) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwaves_90%_1year 0.003*** 0.008*** 0.004*** 0.013***  

(0.001) (0.002) (0.001) (0.004) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwaves_90%_2year 0.003*** 0.008*** 0.003*** 0.012***  

(0.001) (0.001) (0.001) (0.004) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwaves_90%_3year 0.002*** 0.008*** 0.003*** 0.011***  

(0.001) (0.002) (0.001) (0.004) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Heatwave_30℃ 0.009*** 0.022*** 0.010*** 0.036***  

(0.002) (0.004) (0.002) (0.010) 
Sample size 106,344 109,970 109,970 108,340 
R square 0.361 0.386 0.342 0.340 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression, which includes a full set of 
individual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 

Table 5 
Heterogeneity analysis for gender.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: Female 
Heatwaves_95%_3year 0.003 0.011*** 0.005*** 0.015*  

(0.002) (0.003) (0.002) (0.008) 
Sample size 52,704 54,587 54,587 53,815 
R square 0.357 0.377 0.341 0.338 
Panel B: Male 
Heatwaves_95%_3year 0.005*** 0.016*** 0.006*** 0.020**  

(0.002) (0.004) (0.002) (0.009) 
Sample size 53,229 54,963 54,963 54,132 
R square 0.368 0.397 0.347 0.345 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression, which includes a full set of 
individual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 
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differentiate by work status. Table 7 reports the impact of extreme heat 
on health outcomes under different work status. In terms of coefficients, 
individuals without work face greater effects. At the significance level, 
individuals with work appear insignificant in some estimates. Therefore, 
the health effects of the resulting extreme heat on individuals with work 
are no higher than those without work. Individuals with work are in 
better health, while those without work are mainly the elderly and 
children, who are more susceptible to extreme heat. In addition, having 
a job means more income. Hence, more actions can be taken to mitigate 
the health effects of extreme heat. 

Finally, we discuss the interaction of several continuous variables. In 
addition to the heterogeneous effects of gender, residence, and work 
status, continuous variables such as income, education, and age have 
moderating or aggravating effects. As analyzed above, urban residents 
ultimately reduce the negative effects of extreme heat through income. 
To analyze the moderating effects of these continuous variables, based 
on baseline results, these variables are included as controls and multi
plied with key explanatory variables. Table 8 reports the results of the 
interaction term analysis. In Panel A, we find that an increase in income 

level can alleviate the incidence of disease and reduce the severity of 
disease. However, the reductions in hospitalizations and costs are not 
significant. This outcome confirms our previous conjecture. In Panel B, 
we find that increased education reduces the impact of extreme heat on 
health outcomes. A correlation often exists between education and in
come. The improvement of education level is often accompanied by 
higher income. In panel C, we analyze the effect of age. With increasing 
age, the impact of extreme heat on health outcomes will be exacerbated. 

5.4. Mechanism analysis 

In the above analysis, we find that extreme heat indeed reduces the 
health of individuals. However, the results reveal that low fitness levels 
associated with extreme temperatures are not surprising. Rather, we 
want to know how extreme heat reduces the health of individuals. In 
general, the impact of extreme heat on individual health can be divided 
into two types: direct and indirect. The impact of extreme heat on in
dividual health is self-evident, as confirmed by many medical litera
tures. Therefore, does extreme heat reduce individual health by 
affecting individual behavior? Studies have found that extreme heat 
may cause individuals to stay indoors for long periods and reduce 
physical activity (Graff Zivin and Neidell, 2014; Somanathan et al., 
2021). In addition, some physically beneficial modes of travel, such as 
walking, are replaced by car travel (Böcker et al., 2013). In this sub
section, we analyze these two possible channels using limited survey 
data. 

We obtain the time (unit: minutes) that individuals spend watching 
TV and reading on weekdays and weekends, respectively, as watching 
TV and reading mostly happen indoors. Therefore, we recode it as an 
indoor activity. Table 9 reports the effects of extreme heat on watching 
TV and reading. The results reveal that extreme heat increases the 
amount of time individuals spent watching TV and reading. The increase 
in TV watching time is mainly concentrated on weekdays, while reading 

Table 6 
Heterogeneity analysis for survey site.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: Urban 
Heatwaves_95%_3year − 0.000 0.015*** 0.003 − 0.003  

(0.003) (0.005) (0.003) (0.013) 
Sample size 33,784 34,946 34,946 34,085 
R square 0.391 0.421 0.371 0.372 
Panel B: Rural 
Heatwaves_95%_3year 0.005*** 0.014*** 0.006*** 0.026***  

(0.002) (0.003) (0.002) (0.008) 
Sample size 72,560 75,024 75,024 74,255 
R square 0.341 0.361 0.324 0.319 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression, which includes a full set of 
individual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 

Table 7 
Heterogeneity analysis for work.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: Without work 
Heatwaves_95%_3year 0.010*** 0.026*** 0.008** 0.033*  

(0.003) (0.007) (0.004) (0.017) 
Sample size 25,254 26,241 26,241 25,341 
R square 0.456 0.487 0.434 0.432 
Panel B: With work 
Heatwaves_95%_3year 0.002 0.014*** 0.006*** 0.016**  

(0.002) (0.003) (0.002) (0.008) 
Sample size 51,756 53,177 53,177 52,692 
R square 0.347 0.391 0.363 0.335 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression that includes a full set of 
individual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 

Table 8 
Heterogeneity analysis for income education and age.   

(1) (2) (3) (4)  
Incidence Severity Hospitalized Log Cost 

Panel A: Income effects 
Heatwaves_95%_3year 0.012*** 0.032*** 0.008** 0.030*  

(0.004) (0.008) (0.004) (0.017) 
Heatwaves_95%_3year − 0.001** − 0.002** − 0.000 − 0.002 
× Log Income (0.000) (0.001) (0.000) (0.002) 
Sample size 104,494 108,064 108,064 106,474 
R square 0.361 0.387 0.342 0.341 
Panel B: Education effects 
Heatwaves_95%_3year 0.005*** 0.020*** 0.008*** 0.028***  

(0.002) (0.003) (0.002) (0.007) 
Heatwaves_95%_3year − 0.001** − 0.004*** − 0.002*** − 0.007*** 
× Education (0.000) (0.001) (0.000) (0.002) 
Sample size 95,792 97,831 97,831 96,340 
R square 0.363 0.394 0.348 0.341 
Panel C: Education effects     
Heatwaves_95%_3year − 0.000 0.001 0.000 − 0.002  

(0.002) (0.003) (0.002) (0.007) 
Heatwaves_95%_3year 0.000*** 0.000*** 0.000*** 0.000*** 
× Age (0.000) (0.000) (0.000) (0.000) 
Sample size 106,342 109,968 109,968 108,338 
R square 0.361 0.386 0.342 0.340 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression includes a full set of indi
vidual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 
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time increases significantly on both weekdays and weekends. The in
crease in reading time on weekdays is slightly larger than that on 
weekends. Thus, extreme heat increases indoor activity in individuals. 
During the weekday, individuals may be exposed to extreme heat for 
longer periods, as many outdoor jobs are required by employers. In the 
few free-arranged times on the weekday, individuals will opt for more 
indoor activities. 

In addition, we further sort out individual travel patterns. The main 
modes of individual travel are collected in the questionnaire, including 
walk, bicycle, bus, subway, car, taxi, and motorcycles. We mark in
dividuals who adopted this mode as 1 in the questionnaire, and those 
who did not use it as 0. Table 10 reports the impact of extreme heat on 
travel patterns. The results show that extreme heat reduces individuals’ 
choice of walking. This outcome may be due to the more strenuous and 
prolonged exposure to extreme heat on walking. However, compared 
with other modes of travel, walking requires the greatest amount of 
exercise and can improve individual health. Note that we did not see a 
significant decrease in the frequency of bicycle trips. Cycling is a short 
distance means of transportation and is less affected by extreme tem
perature. Another possible explanation is that the wind speed is higher 
when cycling, and the feeling of heat is not as obvious as walking. 

6. Conclusion 

Using a large, micro survey dataset, we estimate the health effects of 
extreme heat. Estimates suggest that extreme heat increases morbidity, 
worsens disease severity, increases the probability of hospitalization, 
and increases the cost of disease. In terms of health costs, we find that 
each additional day of extreme heat over the past four weeks has 
resulted in an average increase of CNY 0.027 in health expenditure. 
Based on data from the seventh census in China, the value of health costs 
is as high as CNY 38.97 million. This health cost is non-negligible. We 
further consider the behavior of individual environmental migrants and 
measure extreme heat in a different way, and the results remained are 
consistent. In the heterogeneity analysis, we find that male, rural, and 
unemployed residents are more susceptible to extreme heat. In addition, 
we find that higher income and education levels moderate the effects of 
extreme heat, while increasing age increases the effects of extreme heat. 
In addition to the direct impact of extreme heat on individual health, we 
find that reducing individual physical activity and walking to commute 
has also led to lower health levels. 

Our research has important implications for the current accounting 
of the health costs of climate change. Specifically, more attention should 
be paid to heat-sensitive groups, such as rural areas, low-income groups, 
the unemployed, and the elderly, and moderately increase subsidies for 
high temperature to reduce the damage to people’s health caused by 

extremely high temperatures. Extreme heat threatens public health and 
the well-being of human society. For areas with large populations and 
unequal socioeconomic development, more attention should be paid to 
extreme heat, to prevent extreme weather changes from damaging 
people’s social well-being, and to reduce the inequality between 
different groups caused by climate damage. Climate change is a common 
problem faced by humanity. Countries have taken many steps to reduce 
carbon emissions. Although these measures may enable enterprises to 
carry out green innovation and reduce emissions, they may also lead to 
more constraints on enterprise production, thus resulting in economic 
costs. The costs of environmental regulation have been widely discussed, 
but the accounting of benefits is another important aspect. Therefore, in 
the process of global emission reduction, the benefits of emission 
reduction must be analyzed, and a balance between environmental 
regulation and health benefits must be sought. Our study shows the 
negative effects of extreme heats, but many limitations remain. First, 
although we use large-scale micro survey data, it is not fully represen
tative of China compared with its population. In the future, seeking 
census data or aggregate data at the city level for analysis is more 
necessary. Second, individuals have a certain degree of adaptability. 
This study only considers the individual migration and indoor and 
outdoor activity time allocation and lacks the analysis of air condi
tioning installation. In addition, everyone adapts to extreme tempera
tures differently. This factor needs to be considered in future cost 
accounting. 
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Table 9 
Mechanism analysis for indoor activities.   

(1) (2) (3) (4)  
TV 
weekdays 

TV 
weekend 

Reading 
weekdays 

Reading 
weekend 

Heatwaves_95%_3year 1.391* 0.633 1.819*** 1.048**  
(0.775) (0.843) (0.505) (0.454) 

Sample size 9971 9894 44,830 44,722 
R square 0.519 0.512 0.438 0.429 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Unit of dependent variable: minutes. Each coefficient is from a separate 
regression, which includes a full set of individual fixed effects and city by year 
fixed effects. Weather controls include precipitation, pressure, relative humidi
ty, sunshine duration, and wind speed. The weather variables are based on the 
average value of the window four weeks before the survey day. Considering the 
nonlinear effects of weather variables, we divide them into multiple bins in the 
regression. Standard errors are clustered at the individual level. Significance 
levels are ***1%, **5%, and *10%. 

Table 10 
Mechanism analysis for mode of transportation.   

(1) (2) (3) (4)  
Walk Bicycle Bus, 

subway 
Car, taxi, 
motorcycle 

Heatwaves_95% 
_3year 

− 0.004* − 0.001 0.001 − 0.003  

(0.002) (0.004) (0.001) (0.002) 
Sample size 30,627 9350 30,457 26,544 
R square 0.628 0.779 0.585 0.612 
Weather Controls Yes Yes Yes Yes 
Individual FEs Yes Yes Yes Yes 
City by year FEs Yes Yes Yes Yes 

Note: Each coefficient is from a separate regression, which includes a full set of 
individual fixed effects and city by year fixed effects. Weather controls include 
precipitation, pressure, relative humidity, sunshine duration, and wind speed. 
The weather variables are based on the average value of the window four weeks 
before the survey day. Considering the nonlinear effects of weather variables, we 
divide them into multiple bins in the regression. Standard errors are clustered at 
the individual level. Significance levels are ***1%, **5%, and *10%. 
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Niemelä, R., Hannula, M., Rautio, S., Reijula, K., Railio, J., 2002. The effect of air 
temperature on labour productivity in call centres—a case study. Energy Build. 34 
(8), 759–764. 

Nordhaus, W.D., 1991. To slow or not to slow: the economics of the greenhouse effect. 
Econ. J. 101 (407), 920–937. 

Nordhaus, W.D., 1992. An optimal transition path for controlling greenhouse gases. 
Science 258 (5086), 1315–1319. 

Nordhaus, W.D., 1993. Rolling the ‘dice’: an optimal transition path for controlling 
greenhouse gases. Res. Energy Econ. 15 (1), 27–50. 

Patz, J.A., Engelberg, D., Last, J., 2000. The effects of changing weather on public health. 
Annu. Rev. Public Health 21 (1), 271–307. 

Persico, C., 2022. Can pollution cause poverty? The effects of pollution on educational, 
health and economic outcomes. Nat. Bureau Econ. Res. 

Rana, I.A., Sikander, L., Khalid, Z., Nawaz, A., Najam, F.A., Khan, S.U., et al., 2022. 
A localized index-based approach to assess heatwave vulnerability and climate 
change adaptation strategies: a case study of formal and informal settlements of 
Lahore, Pakistan. Environ. Impact Assess. Rev. 96, 106820. 

Ravallion, M., Van De Walle, D., 1991. Urban-rural cost-of-living differentials in a 
developing economy. J. Urban Econ. 29 (1), 113–127. 

Shah, M., Steinberg, B.M., 2017. Drought of opportunities: contemporaneous and long- 
term impacts of rainfall shocks on human capital. J. Polit. Econ. 125 (2), 527–561. 

Somanathan, E., Somanathan, R., Sudarshan, A., Tewari, M., 2021. The impact of 
temperature on productivity and labor supply: evidence from Indian manufacturing. 
J. Polit. Econ. 129 (6), 1797–1827. 

Stone, A.A., Schneider, S., Harter, J.K., 2012. Day-of-week mood patterns in the united 
states: on the existence of ‘blue Monday’,‘thank god it’s Friday’and weekend effects. 
J. Posit. Psychol. 7 (4), 306–314. 

Wargocki, P., Wyon, D.P., 2007. The effects of moderately raised classroom temperatures 
and classroom ventilation rate on the performance of schoolwork by children (Rp- 
1257). HVAC&R Res. 13 (2), 193–220. 

Zhang, P., Deschenes, O., Meng, K., Zhang, J., 2018. Temperature effects on productivity 
and factor reallocation: evidence from a half million Chinese manufacturing plants. 
J. Environ. Econ. Manage. 88, 1–17. 

F. Chen et al.                                                                                                                                                                                                                                    

http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0001
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0001
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0002
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0002
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0003
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0003
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0004
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0004
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0005
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0005
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0006
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0006
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0006
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0007
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0007
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0008
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0008
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0009
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0009
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0009
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0010
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0010
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0011
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0011
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0012
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0012
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0013
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0013
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0014
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0014
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0015
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0015
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0016
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0016
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0017
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0017
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0018
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0018
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0019
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0019
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0020
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0020
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0020
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0021
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0021
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0021
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0022
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0022
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0023
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0023
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0024
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0024
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0025
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0025
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0026
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0026
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0026
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0027
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0027
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0028
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0028
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0029
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0029
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0030
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0030
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0031
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0031
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0032
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0032
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0033
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0033
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0034
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0034
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0035
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0035
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0036
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0036
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0037
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0037
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0038
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0038
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0039
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0039
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0039
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0040
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0040
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0040
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0041
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0041
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0042
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0042
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0043
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0043
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0043
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0044
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0044
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0044
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0045
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0045
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0046
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0046
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0047
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0047
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0048
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0048
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0049
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0049
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0050
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0050
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0050
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0051
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0051
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0052
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0052
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0052
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0053
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0053
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0054
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0054
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0055
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0055
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0056
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0056
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0057
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0057
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0058
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0058
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0058
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0058
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0059
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0059
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0060
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0060
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0061
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0061
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0061
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0062
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0062
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0062
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0063
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0063
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0063
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0064
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0064
http://refhub.elsevier.com/S0954-349X(22)00172-2/sbref0064

	Behind climate change: Extreme heat and health cost
	1 Introduction
	2 Literature review
	3 Data
	4 Empirical strategy
	5 Results
	5.1 Baseline results
	5.2 Robustness checks
	5.3 Heterogeneity analysis
	5.4 Mechanism analysis

	6 Conclusion
	CRediT authorship contribution statement
	Data availability
	Acknowledgements
	Appendix
	References


