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Abstract: Global warming and extreme temperature shocks pose significant challenges to human societies. While 
much research focuses on the economic hazards of extreme temperatures, exploring proactive countermeasures 
holds greater research value. Utilizing daily meteorological data from prefecture-level cities in China and panel 
data from listed manufacturing companies (2011 – 2022), we constructed a city-level extreme temperature index in 
this study and employed a two-way fixed-effects model to empirically examine the impact of extreme temperatures 
on the digital transformation of manufacturing enterprises. The results revealed that extreme temperatures 
significantly predict digital transformation, a finding robust to various tests. Mechanism analysis indicated that 
extreme temperatures increase production costs and reduce efficiency, thereby accelerating digital transformation. 
Heterogeneity analysis further demonstrated that the effect is more pronounced in private enterprises, high-tech 
firms, and non-high-pollution industries, with a stronger impact observed in the eastern region of China. In addition, 
corporate environmental, social, and governance disclosure, executive rejuvenation, and digital infrastructure 
construction positively moderated this relationship, whereas the implementation of carbon trading policies partially 
weakened the effect. This study not only underscores the micro-level impacts of climate change but also provides 
valuable insights for enterprises seeking to mitigate the effects of extreme temperature events through digital 
transformation.
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1. Introduction

Continuous global warming and the frequent occurrence 
of extreme temperature events have caused irreversible 
catastrophic consequences for the Earth, substantially 
threatening human survival and development.1,2 These 
phenomena have emerged as a shared developmental 
challenge for all nations worldwide. The Task Force 

on Climate-related Financial Disclosures highlighted 
that, in addition to global warming and natural 
disasters, extreme weather events and other climatic 
factors exert chronic impacts on production, economic 
activities, and social sectors, particularly extreme high 
and low temperatures.3,4 The Blue Book on Climate 
Change in China (2022) reveals that the global average 
temperature from 2002 to 2021 was 1.01°C higher than 

https://dx.doi.org/10.36922/AJWEP025210166
https://dx.doi.org/10.36922/AJWEP025210166


Wang, et al.

Volume 22 Issue 4 (2025)	 124� doi: 10.36922/AJWEP025210166 

that of the pre-industrialization period, indicating a 
persistent warming trend. Over the past two decades, 
the probability of temperatures dropping to −5°C or 
below in China’s prefecture-level cities has remained 
relatively stable, while the probability of temperatures 
reaching 35°C or above has shown an upward trend 
(Figure  1). Notably, the warming trend of extreme 
high temperatures during the 1986 – 2020 period has 
intensified, with an increase of approximately 0.23°C 
per decade – nearly twice the global temperature rise 
during the same period. The  National Strategy for 
Adaptation to Climate Change 2035 emphasizes that the 
long-term adverse impacts and sudden extreme events 
caused by climate change have become significant risks 
in China’s pursuit of socialist modernization. Therefore, 
in-depth exploration of the economic impacts of extreme 
weather events will inform China’s policies and actions 
to address climate change.

Extreme temperatures exert significant adverse 
effects on economic, social, business, and public health 
outcomes. The economic impacts of climate warming 
and extreme temperatures have extensively evaluated 
on the global scale through construction of various 
temperature-related indicators. For instance, Schlenker 
and Roberts5 and Chen et al.6 quantified the effects of 
extreme temperatures on agricultural productivity, 
demonstrating substantial negative impacts. Similarly, 
Hsiang7 analyzed industry output data from 28 
Caribbean countries spanning 1970 – 2006, revealing 
that rising temperatures significantly reduced output 
in both agricultural and industrial sectors, with a more 
pronounced effect observed in the industrial sector. 
Further evidence from China highlights the nonlinear 
relationship between temperature and industrial output. 
Zhang et al.8 utilized data from Chinese industrial 
and commercial enterprises between 1998 and 2007, 
showing that industrial output initially increases with 

temperature until reaching an optimal threshold, 
beyond which further temperature rises lead to a sharp 
decline in output. Notably, extreme high temperatures 
were found to significantly reduce the productivity 
of industrial enterprises. Building on this, Yang 
et al.9 investigated the underlying mechanisms through 
which temperature changes affect industrial output. 
Their findings indicated that temperature fluctuations 
indirectly influence industrial productivity by impacting 
gross fixed assets, investment levels, and the ratio of 
new product development.

The detrimental effects of extreme temperatures have 
been extensively validated through empirical research, 
which expands from macroeconomic analyses to sector-
specific impacts in agriculture and industry. However, 
research on the micro-level implications and mechanisms 
of extreme temperatures remains relatively scarce, 
particularly regarding coping strategies. Most existing 
studies predominantly focus on carbon emissions.10,11 
Developed countries struggle to implement effective 
measures to mitigate the adverse effects of extreme 
heat,12 whereas in developing economies, domestic 
scholars offer limited guidance for enterprises to address 
extreme temperatures, primarily emphasizing site 
selection strategies13 and tax planning.14 Nonetheless, 
emerging evidence suggests that long-term innovation 
acceleration can partially counteract the threats posed 
by extreme temperatures. For instance, technological 
innovation has been demonstrated to mitigate the 
impacts of climate change,15 with digital technology 
development emerging as a pivotal driver for fostering 
a new paradigm of digitalized enterprises. Digital 
transformation can effectively reduce enterprises’ 
reliance on traditional labor-intensive production 
processes and enhance operational efficiency, thereby 
providing a viable strategy to cope with extreme 
temperature shocks. Whether extreme temperature 

Figure 1. Incidence rate of extreme temperature occurrence at −5°C and 35°C at prefecture-level cities in 
China
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shocks will accelerate the digital transformation of 
manufacturing companies needs to be further examined.

To address the gap in literature, we constructed and 
measured the extreme temperature index of prefecture-
level cities based on the data of China’s A-share-
listed manufacturing enterprises from 2011 to 2022; 
empirically examined the impact of extreme temperature 
on the digital transformation of listed manufacturing 
enterprises; and validated and analyzed the mechanism 
and moderating effect. Possible contributions of the 
research in this paper include the following: first, it 
complements the relevant research on the micro impact 
of extreme temperature. Existing literature related to 
extreme temperatures mostly focuses on the industry 
level and lacks research on micro groups. Second, it 
provides lessons and sheds light on effective measures 
for companies to cope with extreme temperature events 
to minimize economic hazards, addressing the lack of 
research on related countermeasures.

2. Research hypothesis

Extreme temperatures pose significant risks to health and 
safety of workers employed by businesses, increasing 
the likelihood of heat-related illnesses and accidents.16 
These conditions lead to reduced productivity, higher 
absenteeism rates, and ultimately diminished business 
performance.17-19 To counteract these effects, labor inputs 
may be increased to meet production targets, but such 
strategy could incur higher costs. Furthermore, health-
related concerns and abnormal temperature fluctuations 
can trigger labor migration, altering inter-regional labor 
supply dynamics. Regions frequently experiencing 
extreme temperatures often face a decline in both the 
quantity and quality of labor supply, driving up wages 
and employment costs.20-24 Digital transformation offers 
a solution by automating routine and repetitive tasks, 
reducing reliance on traditional labor, and enabling 

dynamic optimization of the workforce through a 
“survival of the fittest” approach.

Unlike the direct impact of extreme temperatures 
on agriculture, which is often described as “dependent 
on the weather,”25-27 the effects on industrial enterprises 
are more nuanced. Beyond increased production 
costs, extreme temperatures also reduce operational 
efficiency. High temperatures impair workers’ attention 
and decision-making abilities, thereby lowering 
productivity.28-30 In addition, industrial output exhibits 
an optimal temperature range; deviations above or 
below this range result in significant declines in output.8 
Rising temperatures exacerbate energy consumption, 
particularly for electricity31,32 and cooling systems,33 
leading to higher energy costs,34 and reduced total factor 
productivity (TFP) and fixed asset turnover efficiency.9

Digital transformation can mitigate these challenges 
by enhancing productivity through cost reduction, 
innovation, and optimized production processes. By 
minimizing downtime, conserving resources,35 and 
improving TFP,36 enterprises can better withstand the 
adverse impacts of extreme temperatures. Therefore, 
this paper argues that extreme shocks accelerate the 
digital transformation of enterprises. The research 
framework is illustrated in Figure  2, whereas the 
research hypotheses are given below:
H1: Extreme temperatures positively impact enterprise 

digital transformation.
H2: Extreme temperatures increase enterprise cost 

pressure, reduce enterprise productivity, and thus 
accelerate enterprise digital transformation.

3. Data, variables, and methods

3.1. Study area and data sources
3.1.1. Study area and research subjects
This study covers 287 prefecture-level cities in 
China’s major climatic zones – tropical/subtropical 

Figure 2. Research framework
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(eastern/southern), temperate (northern), and arid 
(northwestern) – which represent the wide spectrum 
of climatic zones emblematic of the different 
characteristics of extreme temperature exposure. We 
analyzed 12,908 firm-year observations (2011 – 2022) 
from 1824 A-share manufacturing firms, whose spatial 
distribution reveals high-density clustering in the 
Yangtze River Delta (28.7% of firms) and Pearl River 
Delta (22.1% of firms). The western region, although 
covering a relatively lower density, all have enterprises 
included in the study sample.

3.1.2. Company data
Shanghai and Shenzhen A-share listed companies from 
2011 to 2022 were taken as the research subjects, and 
their company-level data were obtained from the China 
Stock Market and Accounting Research (CSMAR) 
database (https://data.csmar.com/) with the following 
processing: first, retaining the data of manufacturing 
companies; second, excluding samples such as special 
treatment; and third, shrinking the tail at 1% level for 
continuous type variables. Municipal-level control 
variables were obtained from the City Statistical 
Yearbook (https://www.stats.gov.cn/).

3.1.3. Weather data
Weather data were obtained from China Meteorological 
Administration (CMA), which contains daily 
observations of meteorological indicators such as 
average temperature, maximum temperature, minimum 
temperature, precipitation, barometric pressure, relative 
humidity, sunshine hours, and average wind speed, and 
provides detailed geographic coordinate information 
for each weather station. The latitude and longitude 
of the weather stations were matched with the cities in 
the provinces to confirm the geographical zones before 
retrieving the daily observation data compiled by the 
domestic weather stations, and Python was used to 
process the cleaned data, which were compiled into a 
CSV file on a daily basis, with the latitude and longitude 
and the values of the daily average temperature and 
extreme temperature retained as needed. The daily CSV 
files were spread and then projected, and the daily data 
were interpolated using the inverse distance weighting 
method. The data are partitioned and counted and 
spliced by administrative divisions, and finally, the day-
by-day meteorological data such as temperature and 
humidity were obtained for each prefecture-level city 
in the country. For a city containing only one station, 
the maximum and minimum temperatures observed 
at the station were taken as the extreme temperatures of 

the day; if there were multiple stations within the city, 
the maximum and minimum values were calculated for 
all stations.

3.2. Mold
In this study, we constructed an ordinary least squares 
(OLS) model to analyze the impact of extreme 
temperatures on the digital transformation of enterprises.
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Where i refers to enterprises, t is time, and j denotes 
prefecture-level cities. The explanatory variable is the 
extreme temperature (Extremej,t); the explanatory 
variable is the degree of enterprise digital transformation 
(Digitali,j,t); and Xi,t and and Xj t

'
,  are a series of control 

variables at the enterprise level and macroeconomic 
level, respectively, which are the other climate variables 
(including average wind speed, average humidity, and 
hours of light) at the prefecture level. In the actual 
regressions, industry-fixed effects as well as time-fixed 
effects were controlled for, and all standard errors were 
clustered at the city×year level. Given the possible lags 
in the effects of weather variables on various economic 
variables, we also included the lagged term sums of 
these weather variables in the model.

3.3. Variables
3.3.1. Explanatory variables
This study measured corporate digital transformation 
through text analysis37 of annual reports using keyword 
frequency metrics (Digital1: absolute count; Digital2: 
frequency ratio). We identified five keyword dimensions 
(artificial intelligence, blockchain, cloud computing, 
big data, and digital technology applications), 
collected all A-share listed firms’ annual reports from 
CSMAR through Python, and extracted text using 
Java PDFBox. To ensure accuracy, we rigorously 
excluded: (i) keywords preceded by negations (e.g., 
“not,” “non-,” “un-,” “lack,” “without,” and “failed to”) 
within a ±5-word window through dependency parsing 
and a predefined negation lexicon, and (ii) contexts 
referencing external entities (e.g., shareholders/
suppliers’ activities) or executive backgrounds, retaining 
only firm-owned digital initiatives. Digital1 aggregates 
validated keyword counts; Digital2 computes their 
proportion to total words, thereby eliminating false 
positives (e.g., “no AI deployment”) while capturing 
genuine transformation actions (e.g., “launched our 
blockchain system”).
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3.3.2. Core explanatory variable
The incidence rate of extreme temperatures, including 
extreme high and extreme low temperatures, was 
measured in terms of the duration of extreme weather 
in the city, which was determined in accordance to 
published methods.20,34 A fixed threshold method was 
used, with 35°C and −5°C as the criteria: if the daily 
maximum temperature exceeded 35°C, it was included 
in the number of extreme-high-temperature days, while 
below −5°C, it was included in the number of extreme-
low-temperature days, which was eventually summed 
up to obtain the specific value of the number of days of 
extreme temperatures (Figure 3).

With reference to Wang et al.’s study38 on the 
influencing factors of digital transformation, we adopted 
four categories of control variables for this study: 
enterprise characteristics, financial characteristics, 
governance structure, and macroeconomic factors, 
and added climate control variables at the city level 
to exclude interference from other climate factors. 
Specifically, the enterprise characteristics control 
variables include firm size (Size, measured by the 
natural logarithm of total assets), firm age (FirmAge, 
measured by the number of years since establishment), 
and firm nature (SOE, or state-owned enterprises, 
assigned a value of 1, otherwise 0); the financial 
characteristics control variables include asset-liability 
ratio (Lev, measured by the ratio of total liabilities to 
total assets), profitability (ROA, measured by the ratio 
of net profit to total assets), and book-to-market ratio 
(BM, measured by the ratio of book value to market 
value); the governance structure control variables 
include board size (Board, measured by the number 
of board members), CEO duality (Dual, assigned 
a value of 1 if the chairman and CEO are the same 
person, otherwise 0), ownership concentration (Top1, 
measured by the shareholding ratio of the largest 

shareholder), independent director size (Indep, 
measured by the number of independent directors), 
Big Four audit (Big4, assigned a value of 1 if audited 
by one of the Big Four accounting firms, otherwise 0), 
audit opinion (Opinion, assigned a value of 1 if the 
opinion is standard unqualified, otherwise 0), and 
internal control index (IC, measured by the firm’s 
internal control index); the macroeconomic control 
variables include economic development level (GDP, 
measured by the natural logarithm of city GDP), 
education level (EDU, measured by the proportion 
of the population with higher education in the city), 
and environmental regulation (EVN, measured by the 
natural logarithm of urban environmental pollution 
control investment); and the climate control variables 
include average city humidity (Wet, measured by 
annual average humidity), average wind speed (Wind, 
measured by annual average wind speed), and sunshine 
duration (Sun, measured by annual sunshine hours).

4. Results

4.1. Descriptive statistics
Table  1 shows the results of descriptive statistics for 
each variable in the model. Digital transformation 
Digital1 variable has a mean value of 47.16, a maximum 
value of 1264, and a minimum value of 0. The Digital1 
variable has a mean value of 1.051, a maximum value 
of 6.139, and a minimum value of 0, indicating that 
there is a large difference in the digital transformation 
between enterprises. Extreme temperature has a mean 
value of 35.52 days, of which the minimum value is 0, 
the maximum value is 172, and the standard deviation 
is 39.64, indicating that there is a significant difference 
in the degree of exposure to extreme temperatures 
between firms. The distribution of all other variables is 
within reasonable limits.

Figure 3. Distribution of extreme-high (top) and extreme-low temperatures (bottom) in prefecture-level cities 
in China in 2022
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4.2. Baseline regression results

Table  2 reports the results of multiple regressions of 
extreme temperatures on firms’ digital transformation, 
where industry-fixed effects and year-fixed effects are 
not included in columns (1) and (3). As seen from 
the regression results, the coefficients of the extreme 
temperature variables are significantly positive under 
all models, indicating that the frequency of extreme 
temperatures promotes the digital transformation of 
manufacturing firms, and Hypothesis 1 is basically 
verified. The lagged terms of extreme temperature are 
all significantly positive, indicating the continuity of 
the effect of extreme temperature on enterprise digital 
transformation. Company size, shareholder size, and 
the number of years on the market have a facilitating 
effect on enterprise digital transformation, which is 
basically consistent with existing research. Turning to 
the climate variables, the coefficients of the light hours 
and average wind speed variables are significantly 
positive and have a facilitating effect on enterprise 

digital transformation, while average humidity has an 
inhibitory effect.

4.3. Robustness test
To ensure the results are robust, firstly, the measure of 
digital transformation was replaced, drawing on Yuan 
et al.39 and Zhao et al.40 to increase the frequency of 
words related to digital transformation of enterprises to 
99, to re-measure the degree of digital transformation 
of enterprises; the results are as shown in column 
(1) of Table  3. The extreme temperature variable is 
significantly positive. Second, the extreme temperature 
in the benchmark regression was calculated using 
an absolute threshold, which is simple, but also has 
defects.41 To avoid the bias generated using the fixed 
threshold method, this study re-measured the urban 
extreme temperature index using the relative threshold 
and expanding the fixed threshold method, respectively, 
and carried out the test. Column (2) of Table 3 expands 
the range of extreme temperatures to above 30°C and 
below 0°C, and the results are still significant. Column 
(3) of Table  3 draws on Alexander et al.’s percentile 
interpolation42 and refers to Pan and Zhai43 to calculate 
the cumulative number of days of extreme temperatures 
using the 95% percentile of daily high temperatures 
and the 5% percentile of daily low temperatures, 
respectively, and the results showed that the extreme 
temperatures still have a facilitating effect on the digital 
transformation of enterprises. Up to this point, possible 
bias due to variable measurement is ruled out.

Considering the early development of digital 
economy in Zhejiang Province, the national leader, 
as well as the persistence of the role of temperature, 
we deleted the samples of listed companies based in 
Zhejiang Province, as well as lagged one period of the 
enterprise digital transformation variables; the results 
are shown in the columns (4) and (5) of Table 3. The 
extreme temperature variables are significantly positive 
at the 1% level, which further excludes the sample bias 
that may be generated due to the differences in time and 
geography.

5. Mechanistic analysis

In light of the reliable results from the baseline 
regression, we further tested the mechanism. According 
to the previous analysis, extreme temperatures promote 
the digital transformation of enterprises by increasing 
enterprise costs and reducing enterprise efficiency. To 
test hypothesis 2, we measured enterprise cost pressure 
from the perspectives of wage structure, cost growth 

Table 1. Descriptive statistics
Variable 
name

n Mean SD Min Max

Digital1 12,908 47.16 87.83 0 1264
Digital2 12,908 1.051 1.24 0 6.139
Extreme 12,908 35.52 39.64 0 173
Size 12,908 21.98 1.288 19.14 26.45
Lev 12,908 0.426 0.203 0.027 0.908
ROA 12,908 0.038 0.065 ‑0.373 0.257
Board 12,908 2.141 0.210 1.099 2.833
ListAge 12,908 1.947 0.925 0 3.401
Indep 12,908 35.70 8.567 0 60
Dual 12,908 0.250 0.433 0 1
TOP1 12,908 35.06 15.12 8.020 75.84
BM 12,908 0.643 0.241 0.064 1.246
SOE 12,908 0.401 0.490 0 1
Big4 12,908 0.060 0.237 0 1
Opinion 12,908 0.966 0.180 0 1
IC 12,908 648.9 127.9 0 999.8
GDP 12,908 91662 56665 2093 467749
EDU 12,908 33.23 29.02 1 93
ENV 12,908 0.262 0.089 0 0.879
Wind 12,908 5.359 1.043 2.222 8.967
Wet 12,908 70.93 9.098 35.63 84.46
Sun 12,908 1935 428.5 752.4 3386
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Table 2. Extreme temperatures and enterprise digital transformation: baseline regression
Explained variable Digital1 Digital2

(1) (2) (3) (4)
Extremej, t 0.043** 0.061*** 0.001*** 0.002***

(0.019) (0.021) (0.000) (0.001)
Extremej, t‑1 0.039** 0.072*** 0.003*** 0.003***

(0.019) (0.020) (0.001) (0.001)
Size 7.403*** 7.082*** 0.370*** 0.281***

(0.430) (0.466) (0.017) (0.019)
Lev −2.105 1.954 −0.266*** −0.016

(1.720) (1.730) (0.067) (0.068)
ROA 2.097 −4.457 −0.099 −0.206

(4.014) (3.993) (0.148) (0.148)
Board 0.422 1.581 0.191*** 0.274***

(1.581) (1.551) (0.066) (0.065)
ListAge 8.128*** 1.704** 0.460*** 0.073**

(0.642) (0.806) (0.025) (0.031)
Indep −0.097** −0.048 0.001 0.002

(0.048) (0.047) (0.002) (0.002)
Dual 0.373 0.378 0.002 −0.005

(0.572) (0.559) (0.021) (0.021)
TOP1 −0.036 −0.032 −0.004*** −0.002**

(0.026) (0.025) (0.001) (0.001)
BM 1.980** −9.410*** −0.202*** −0.301***

(0.992) (1.369) (0.038) (0.051)
SOE −1.368 −1.105 −0.103** −0.059

(1.134) (1.118) (0.048) (0.048)
Big4 −0.423 −0.830 −0.129** −0.145**

(1.342) (1.315) (0.058) (0.057)
Opinion 2.261* 1.971 0.047 0.019

(1.329) (1.300) (0.055) (0.053)
LnIC −0.615 2.880** −0.097** 0.023

(1.258) (1.251) (0.046) (0.046)
LnGDP 0.612 −0.545 0.160*** −0.032

(0.700) (0.967) (0.029) (0.037)
LnEDU 0.436 0.182 0.029 0.021

(0.674) (0.670) (0.027) (0.026)
LnENV 1.309 1.237 0.064 −0.271**

(2.847) (3.038) (0.106) (0.111)
Windj, t −0.330 −1.572** −0.091*** −0.084***

(0.703) (0.740) (0.028) (0.029)
Windj, t‑1 −2.339*** −0.632 −0.034 −0.012

(0.692) (0.737) (0.026) (0.027)

(Cont’d...)
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rate, etc., constructed the logarithmic form of the Cobb–
Douglas production function to estimate the TFP of the 
enterprise, and tested model (II) and the production 
function (III) as follows:

Digital ± ± Extreme M

M Extreme

Extremei j t j t j t
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Where M is the mechanism variable, including: 
employee pay share (Wage1), executive pay share 
(Wage2), cost growth rate (Cost), and TFP (TPF_OLS, 
TPF_LP). If the hypothesis is valid, then high employee 
salary share and high cost growth rate will strengthen the 
effect of extreme temperature on digital transformation; 
on the contrary, high executive compensation share 

and higher TFP will weaken the effect of extreme 
temperature on digital transformation. We, therefore, 
focus on the interactivity coefficient.

lnYi,t = µ0 + µ1lnKi,t + µ2lnLi,t + µ3lnMi,t + εi,t� (III)

Where Y represents the output of the enterprise, 
measured by the company’s main business income for 
the year; K represents the level of input of capital factors, 
measured by the company’s investment in fixed assets 
for the year; L represents the level of input of labor 
factors, measured by the company’s cash flow statement 
for the year, “cash paid to and for employees;” and M 
represents the enterprise’s intermediate products and 
raw material input, measured by the company’s cash 
flow statement for the year, “cash paid for purchasing 
goods and receiving labor.”

Table 2. (Continued)
Explained variable Digital1 Digital2

(1) (2) (3) (4)
Wetj, t 0.674*** 0.228** 0.021*** 0.013***

(0.086) (0.101) (0.003) (0.004)
Wetj, t‑1 0.278*** 0.071 0.015*** 0.005

(0.090) (0.099) (0.003) (0.004)
Sunj, t 17.308*** 6.300** 0.536*** 0.307**

(2.781) (3.125) (0.110) (0.120)
Sunj, t‑1 4.881* 1.278 0.244** 0.116

(2.566) (2.727) (0.096) (0.101)
Industry‑fixed effects No Yes No Yes
Year‑fixed effects No Yes No Yes
Observations 12,908 12,908 12,908 12,908
R‑squared 0.179 0.223 0.165 0.340
Notes: Standard errors in parentheses; *p<0.1, **p<0.05, ***p<0.01.

Table 3. Extreme temperatures and enterprise digital transformation: robustness test
Explained variable: Digital2 (1) (2) (3) (4) (5)

Replacing digital 
transformation

Changing the 
measurement 

Relative 
threshold 

Delete 
Zhejiang 

Variables 
lagged 

Extremej, t 0.009* 0.018*** 0.006** 0.026*** 0.030***
(0.005) (0.007) (0.003) (0.009) (0.008)

Extremej, t‑1 Yes Yes Yes Yes Yes
Control variables Yes Yes Yes Yes Yes
Other climate variables Yes Yes Yes Yes Yes
Industry‑fixed effects Yes Yes Yes Yes Yes
Year‑fixed effects Yes Yes Yes Yes Yes
R‑squared 0.248 0.313 0.248 0.248 0.328
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Table  4 reports the results of the mechanism tests. 
Among them, columns 1, 2, and 3 show results of the cost 
mechanism tests. The coefficient of the interaction term 
between employee wage share and extreme temperature is 
significantly positive, and the coefficient of the interaction 
term between cost growth rate and extreme temperature 
is also significantly positive, suggesting that the effect of 
extreme temperature on digital transformation diminishes 
as firms’ production costs increase, while on the contrary, 
the coefficient of the interaction term between the share 
of executive compensation and extreme temperature 
is significantly negative, which proves, in the reverse 
direction, that there is a production cost mechanism. 
Subsequently, the measured TFP of enterprises was 
integrated into model (4), and the coefficient of the 
interaction term between TFP and extreme temperature 
under the two measures is significantly negative, 
indicating that the effect of extreme temperature on the 
digital transformation of enterprises attenuates with 
the enhancement of their production efficiency, and the 
production efficiency mechanism exists.

6. Further analysis

The distribution of extreme temperatures has 
geographical differences, and its effect on the digital 

transformation of enterprises may vary depending on 
the nature, capability, and geographical location of 
manufacturing enterprises, or whether the characteristics 
of company management, internal, and external 
policies of enterprises will have an impact on the digital 
transformation effect of extreme temperatures, which 
needs to be further tested and analyzed.

6.1. Heterogeneity analysis
According to the nature of ownership, the listed 
manufacturing enterprises were divided into SOE and 
private enterprises, and the results are shown in Figure 4. 
The sample of non-SOE is significant, which may be 
related to the greater cost pressure borne by private 
enterprises. Subsequently, manufacturing enterprises 
were divided into four groups according to whether they 
are high-tech industries and highly polluting enterprises, 
and the results showed that extreme temperatures 
have the most obvious effect on high-tech enterprises, 
which have stronger foundations, better technologies, 
more talents, etc., and are more favorable to engage 
in digital transformation. To examine the geographical 
differences, the manufacturing enterprises will be 
divided into three groups according to the place of 
registration in the east, central and west China, and the 
results showed that the impact of extreme temperatures 

Table 4. Extreme temperatures and enterprise digital transformation: mechanistic analysis
Explained variable: Digital2 Cost mechanism Efficiency mechanism

(1) (2) (3) (4) (5)
Extremej, t*Wage1 0.007**

(0.003)
Extremej, t*Wage2 −0.007**

(0.003)
Extremej, t*Cost 0.001*

(0.000)
Extremej, t*TPF_OLS −0.005*

(0.003)
Extremej, t*TPF_LP −0.005*

(0.003)
Extremej, t‑1 Yes Yes Yes Yes Yes
Control variables Yes Yes Yes Yes Yes
Other climate variables Yes Yes Yes Yes Yes
Industry‑fixed effects Yes Yes Yes Yes Yes
Year‑fixed effects Yes Yes Yes Yes Yes
Observations 12,908 12,908 12,908 12,908 12,908
R‑squared 0.248 0.323 0.323 0.366 0.319
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on the digital transformation of enterprises is more 
obvious in the eastern region.

6.2. Executive team
Executive teams (TMTs) serve as the core decision-
makers driving corporate conduct, positioning them as a 
pivotal force in organizational change and development. 
The heterogeneity within TMTs substantially shapes 
executive decision-making patterns.44,45 As primary 
architects of strategic design, execution, and adaptation, 
TMTs critically influence the implementation of digital 
transformation initiatives. Notably, variations in TMT 
characteristics – including diversity in age, gender, 
educational attainment, and professional expertise – 
fundamentally alter cognitive frameworks and strategic 
choices.46 This analysis selected variables such as 
average age of executives (TMTAge), percentage of 
female executives (Female), percentage of executives 
with overseas experience (OverseaBack), and 
percentage of executives with financial backgrounds 
(FinBack), and the results are shown in columns (1) to 

(4) of Table 5 and Figure 5A and 5B. The coefficients of 
the interaction terms of the average age of executives, 
the percentage of executives with overseas experience 
and extreme temperatures are all significantly negative, 
indicating that younger executive has a facilitating 
effect, while overseas study experience has a dampening 
effect. The proportion of female executives and the 
proportion of executives with financial background do 
not play a role.

Table 5. Extreme temperatures and enterprise digital transformation: moderating effects
Explained 
variable: Digital2

(1) (2) (3) (4) (5) (6) (7)

Extremej, t*TMTAge −0.003***
(0.001)

Extremej, t
*OverseaBack

−0.010**
(0.005)

Extremej, t*FinBack 0.001
(0.004)

Extremej, t*Female −0.001
(0.002)

Extremej, t*Tan −0.018***
(0.006)

Extremej, t*ESG 0.022*
(0.012)

Extremej, t*DF 1.974***
(0.414)

Extremej, t‑1 Yes Yes Yes Yes Yes Yes Yes
Control variables Yes Yes Yes Yes Yes Yes Yes
Other climate 
variables

Yes Yes Yes Yes Yes Yes Yes

Industry‑fixed effects Yes Yes Yes Yes Yes Yes Yes
Year‑fixed effects Yes Yes Yes Yes Yes Yes Yes
Observations 12,908 12,908 12,908 12,908 12,908 12,908 12,908
R‑squared 0.248 0.313 0.313 0.323 0.318 0.323 0.193

Figure 4. Heterogeneity analysis
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6.3. Carbon trading policies
In the face of persistent environmental pollution and 
extreme weather events, carbon emissions and carbon 
governance have become global focal points in the 
environmental theme. The National Development 
and Reform Commission issued the implementation 
rules of the Notice on Carbon Emission Trading Pilot 
Work in October 2011, and we tested whether the 
implementation of this policy will, to a certain extent, 
slow down the pressure of carbon emissions from over-
emitting manufacturing enterprises, and whether it 
will play a role in the digital transformation of extreme 
temperatures.  A dummy variable is constructed to 
represent the carbon trading pilot (Tan), which takes the 
value of 1 if a province is part of the pilot region and the 
year is in the year of or after the launch of the pilot in 
that province, otherwise it takes the value of 0. The pilot 
consists of seven regions: Beijing, Tianjin, Shanghai, 

Chongqing, Hubei, Guangdong, and Shenzhen, with 
Shenzhen, Shanghai, Beijing, Guangdong, and Tianjin 
launching in 2013, and Chongqing and Hubei launching 
in 2014. Column (3) of Table 5  and Figure 5E show 
the regression results after adding the cross-multiplier 
term, and the coefficient of the cross-multiplier term 
is significantly negative, which indicates that the 
carbon trading pilot policy weakens the impact of 
extreme temperature on the digital transformation of 
enterprises. A possible explanation for this is that the 
implementation of the carbon trading policy allows 
firms that have exceeded their carbon emission quotas 
to purchase carbon emission rights through the trading 
market to compensate for their excess quotas, thus 
releasing carbon emissions that have been restricted 
by the government in the context of global warming 
and reducing the incentive for firms to undergo digital 
transformation. Of course, this result is somewhat 

Figure 5. (A-E) Moderating effect diagram
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time-sensitive and requires further follow-up and 
testing.

6.4. Corporate environmental, social, and 
governance (ESG) performance
Extreme temperatures heighten public environmental 
awareness, compelling enterprises – particularly highly-
polluting firms – to adopt sustainable practices. The ESG 
principles, formally advanced by the United  Nations 
in 2004, integrate these priorities into corporate 
governance. Evidence confirms that ESG reduces agency 
costs, boosts TFP, and enhances innovation,47 implying 
that it amplifies extreme temperatures’ impact on digital 
transformation. Based on Fang and Hu’s analysis,48 we 
measured ESG performance using Huazheng composite 
ratings and constructed an ESG-extreme temperature 
interaction term for empirical testing. Column (4) of 
Table 5 and Figure 5D show that the coefficient of the 
interaction term is significantly positive, confirming the 
facilitating effect of ESG performance.

6.5. Urban digital infrastructure
Digital infrastructure construction refers to the 
construction of digital network infrastructure, big 
data, artificial intelligence and other fields, which 
provides strong support for development of the digital 
economy, smart cities and other fields, favorably 
contributing to economy, innovation, and environment. 
Urban digital infrastructure construction promotes 
the transformation of industrial structure,49 improves 
enterprise productivity,50 reduces the cost of innovation 
and creativity, enhances the innovation performance of 
enterprises, and effectively promotes the development 
of enterprise innovation activities.51 In addition, digital 
infrastructure construction significantly promotes 
China’s low-carbon economic growth and brings 
about technological optimization and industrial 
upgrading through digital transformation, which, in 
turn, significantly reduces power consumption and 
intensity, and thus achieves sustainable economic 
development.52,53 It is therefore inferred that urban 
infrastructure development can enhance the impact of 
extreme temperatures on the digital transformation of 
enterprises. To this end, we measured and examined 
the level of digital infrastructure development (DF) in 
cities, in reference to Zhang and Fu.52 Column (7)  of 
Table 5 and Figure 5C show that the coefficient of the 
interaction term between extreme temperature and 
digital infrastructure is significantly positive, and the 
hypothesis is valid that urban digital infrastructure 
development facilitates the role of extreme temperature 

on firms’ digital transformation. Of course, this result is 
somewhat time-sensitive and requires further follow-up 
and testing.

7. Discussion

Our findings revealed that extreme temperature shocks 
serve as a significant catalyst for digital transformation 
in China’s manufacturing sector, corroborating the 
growing literature on climate-induced technological 
adaptation.11 Recent empirical evidence from Chinese 
manufacturing firms also demonstrated that persistent 
heat waves accelerate digital transformation through 
performance-driven mechanisms.3 The positive 
relationship persists across robustness tests, suggesting 
that manufacturing firms perceive digital transformation 
as a strategic response to climate disruptions rather 
than a temporary adjustment, consistent with the 
climate-economic complexity framework where firms 
reconfigure global supply chains to mitigate long-term 
economic risks.1 This aligns with the organizational 
resilience theory, where environmental shocks accelerate 
innovation adoption as firms seek to mitigate operational 
vulnerabilities through digital technologies that resolve 
climate-induced efficiency-cost dilemmas,3 a pathway 
further reinforced by China’s national policy mandating 
digital-green synergies in manufacturing.54

The identified mechanisms – production cost 
escalation and efficiency reduction – provide empirical 
support for the “climate pressure-innovation” hypothesis, 
as demonstrated in Chinese manufacturing contexts 
where temperature anomalies amplify operational costs 
due to energy inefficiency and labor productivity loss.5 
As extreme temperatures disrupt traditional production 
processes, firms appear to compensate by investing 
in digital technologies that enhance operational 
flexibility and resource optimization, reflecting a 
proactive adaptation strategy that strengthens global 
value chain resilience. This finding extends the win-
win hypothesis by demonstrating that environmental 
pressures specifically drive digital innovation rather 
than conventional eco-innovation, a distinction critical 
for designing climate-technology policies that leverage 
digital infrastructure.7

The heterogeneity results offer important nuances. The 
stronger effect observed in private enterprises and high-
tech firms may reflect their greater operational flexibility 
and innovation capacity compared to SOE. The regional 
disparity, with more pronounced effects in eastern China, 
likely stems from better digital infrastructure and greater 
climate risk exposure in coastal areas. Surprisingly, the 
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moderating effect of carbon trading policies suggests 
potential policy interference, where market-based climate 
instruments may inadvertently reduce firms’ urgency for 
digital adaptation – a phenomenon warranting further 
investigation.

These findings carry important implications for both 
managers and policymakers. For firms, they highlight 
digital transformation as a viable strategy for climate 
risk mitigation, particularly when combined with ESG 
disclosure and leadership renewal. For policymakers, the 
results suggest that digital infrastructure development 
can amplify climate adaptation benefits.

Future research should explore: (i) long-term 
performance differences between climate-driven versus 
strategy-driven digital transformation, (ii) potential 
rebound effects where digital gains offset by increased 
energy use, and (iii) cross-country comparisons to 
assess institutional moderators. In addition, qualitative 
studies could uncover the decision-making processes 
behind climate-induced digital investments.

8. Conclusion and recommendations

8.1. Conclusion
This study utilized data from A-share listed 
manufacturing companies from 2011 to 2022 to study 
the drivers of digital transformation and the role of 
extreme temperatures. We found that the geographic 
element of extreme temperatures has a significant role 
in driving the digital transformation of enterprises, 
and the cities with frequent extreme temperatures are 
located in cities where the digital transformation level 
of manufacturing enterprises is relatively high, that 
is, manufacturing enterprises will respond to extreme 
temperature events through digital transformation. In 
terms of the impact mechanism, extreme temperatures 
increase the production cost and reduce the productivity 
of manufacturing enterprises, especially TFP, which, 
in turn, promotes the digital transformation of 
enterprises. Heterogeneity analysis found that the effect 
of extreme temperatures on the digital transformation 
of manufacturing enterprises is more significant in 
private enterprises, high-tech enterprises and non-
highly-polluting enterprises, and geographically the 
promotion effect is greater in the eastern region. Finally, 
the moderating effects were tested, and corporate ESG 
disclosure, younger executive, and digital infrastructure 
construction have positive moderating effects, while 
the implementation of carbon trading policy somewhat 
weakens the digital transformation effect of extreme 
temperatures.

The findings presented in this paper theoretically 
enrich the research related to the drivers of corporate 
digital transformation and the role of extreme 
temperatures and provide new ideas on how companies 
can cope with the impact of extreme temperatures and 
implement digital transformation.

8.2. Recommendations
Several recommendations from this study are as 

follows:
•	 Prioritize Internet of Things and AI-driven digital 

solutions in high-temperature regions to directly 
counter production cost increases and TFP losses

•	 Establish cross-ownership alliances with private/
hi-tech firms to leverage their demonstrated 
responsiveness to climate shocks

•	 Integrate climate-specific digital metrics into ESG 
disclosures

•	 Appoint executives under 45 with technical 
backgrounds to lead transformation initiatives

•	 Accelerate the convergence of 5G and the industrial 
internet in the central and western regions to 
improve digital infrastructure, targeting provinces 
with high temperature extremes

•	 Provide tiered subsidies for businesses in hot cities to 
replicate climate resilience enhancements in the east

•	 Reform carbon trading mechanisms to allow digital 
transformation investments to be used as carbon 
credit to offset the policy disincentives.
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