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Abstract
Although the human health risk from cold stress may be greater than from heat stress, population cold exposure has received 
little attention compared to heat exposure in the context of climate warming. A particular puzzle is that while the number 
of cold days has markedly decreased under climate warming, the cold-related influenza positivity rate has substantially 
increased. Here we reveal global hourly population exposure for different cold categories based on observations and climate 
model simulations from 1979 to 2100, and explore the potential link between population cold exposure and influenza posi-
tivity rate. Our results show that the number of cold hours did not decrease uniformly across all categories under climate 
warming, but shifted from extreme cold to moderate cold. Global hourly population cold exposure increased substantially 
from 1979 to 2023 (2.05 × 1010 person-hours yr−1), and this trend is expected to persist in the near term with continued 
population growth. The number of influenza positives and the influenza positivity rate were significantly correlated with 
hourly population cold exposure. These findings imply a current risk of population cold exposure and emphasize the need 
for increased attention to this risk.

Keywords  Climate warming · Cold stress · Hourly population exposure · Influenza

1  Introduction

Anomalous heat and cold stresses have adverse impacts on 
human life and health (The Eurowinter Group 1997; Gas-
parrini et al. 2015; Mora et al. 2017; Pennisi et al. 2020), 
and such impacts have drawn growing attention from both 

the scientific community and the general public (Sheri-
dan and Allen 2015; Arnold et al. 2022; Fyke and Weaver 
2023; Romanello et al. 2023). While climate warming has 
amplified heat-related harms (Kovats and Hajat 2008; Patz 
et al. 2005; Oudin Åström et al. 2013; Ebi et al. 2021; Zhu 
and Duan 2025), epidemiological evidence indicates that 

www.ijdrs.com
www.springer.com/13753

 *	 Jianping Duan 
	 duanjp@bnu.edu.cn

1	 CAS Key Laboratory of Regional Climate‑Environment 
for Temperate East Asia, Institute of Atmospheric Physics, 
Chinese Academy of Sciences, Beijing 100029, China

2	 University of Chinese Academy of Sciences, Beijing 101408, 
China

3	 State Key Laboratory of Earth Surface Processes 
and Disaster Risk Reduction, Faculty of Geographical 
Science, Beijing Normal University, Beijing 100875, China

4	 National Centre for Atmospheric Science, Department 
of Meteorology, University of Reading, Reading RG6 6BB, 
United Kingdom

5	 State Key Laboratory of Efficient Utilization of Arid 
and Semi‑arid Arable Land in Northern China, Institute 

of Agricultural Resources and Regional Planning, Chinese 
Academy of Agricultural Sciences, Beijing 100081, China

6	 Laboratory of Resources and Environment Information 
System, Institute of Geographic Sciences and Natural 
Resources Research, Chinese Academy of Sciences, 
Beijing 100101, China

7	 Department of Earth System Sciences, Tsinghua University, 
Beijing 100084, China

8	 School of Atmospheric Sciences, Plateau Atmosphere 
and Environment Key Laboratory of Sichuan Province, 
Chengdu University of Information Technology, 
Chengdu 610225, China

9	 State Key Laboratory of Severe Weather Meteorological 
Science and Technology, and Institute of Tibetan Plateau 
Meteorology, Chinese Academy of Meteorological Sciences, 
Beijing 100081, China

http://crossmark.crossref.org/dialog/?doi=10.1007/s13753-026-00702-4&domain=pdf
www.ijdrs.com
www.springer.com/13753


	 Zhu et al. Increasing Hourly Population Exposure to Moderate Cold Under Climate Warming

cold-related health issues and excess deaths may be an order 
of magnitude greater than those associated with heat (Gas-
parrini et al. 2015; Martínez-Solanas et al. 2021). Typically, 
cold stress can lead to hypothermia (Collins et al. 1985; 
Woodhouse et al. 1993), influenza (Ballester et al. 2016), 
cardiovascular, cerebrovascular, and respiratory diseases 
(Donaldson et al. 1998; Raatikka et al. 2007). However, 
compared with heat stress, much less attention has been paid 
to the study of population exposure to cold stress (Carmona 
et al. 2016; Paschalidou et al. 2017), due to the decreased 
number of extreme cold days under climate warming (Chris-
tiansen et al. 2018; van Oldenborgh et al. 2019; Zhang et al. 
2022).

Population exposure to cold stress (hereafter cold expo-
sure) can be expressed as a product of the duration of low 
temperature and size of the suffering population, and has 
been used as a metric to measure the risk of the population 
exposed to cold (Gao et al. 2019; Broadbent et al. 2020; 
Du et al. 2022). Previous study has analyzed regional cold 
exposure based on the number of cold days, concluding that 
cold exposure has decreased significantly over recent dec-
ades under climate warming (Gao et al. 2018). However, 
an hourly-based cold exposure projection in metropolitan 
regions of the United States highlighted that extreme cold 
exposure by 2100 would be marginally greater than that in 
2000 under the RCP 8.5 scenario (Broadbent et al. 2020). 
Given the substantial regional differences in population and 
the number of cold hours, hourly-based global cold expo-
sure analyses throughout historical and future periods are 
required to reveal the changes in cold exposure under cli-
mate warming.

A number of meteorological factors, including surface 
air temperature (SAT), humidity, wind speed, and radiation 
affect how the human body feels and human health (Carter-
Templeton et al. 2022; Li et al. 2023). Under the combined 
influence of these factors, the physical condition of humans 
varies with different categories of cold stress (Bröde et al. 
2012). Moderate cold, rather than extreme cold, can induce 
most cold-related health burdens (Raatikka et al. 2007; Gas-
parrini et al. 2015). In view of the complicated interaction 
between multiple meteorological factors and biophysical 
reactions, the Universal Thermal Climate Index (UTCI) has 
been considered a suitable metric for cold exposure analysis 
(Fiala et al. 2012; Havenith et al. 2012).

Among the human health hazards linked to cold expo-
sure (Raatikka et al. 2007; Ballester et al. 2016; Zhao et al. 
2021), influenza is a particularly widespread respiratory 
infection that has been proven to be significantly associ-
ated with meteorological factors (Shaman and Kohn 2009; 
Roussel et al. 2016). Typically, influenza epidemics occur 
in winter, with populations exposed to low temperatures 
and low humidity experiencing an increased risk of influ-
enza transmission (Peci et al. 2019; Ference et al. 2020; 

Carter-Templeton et al. 2022). Notably, although the num-
ber of cold days has significantly decreased under climate 
warming (Peterson et al. 2013; Shi et al. 2018; Zhang, Ren, 
et al. 2019), the cold-related influenza positivity rate has 
increased (Zhang, Wang, et al. 2019; Chen et al. 2023). The 
cause of this mismatch remains unknown.

Here, we aim to reveal the changes in cold stress under 
climate warming, and to quantify hourly population expo-
sure across distinct cold categories throughout historical 
and future periods spanning 1979‒2100 under the shared 
socioeconomic pathway (SSP)2-4.5 scenario (O’Neill et al. 
2016), as well as assessing associated health risks. Hourly 
SAT and UTCI are used to analyze hourly SAT-only-based 
and multi-variables-based cold exposure, along with well-
validated and high spatiotemporal resolution population 
data from the Inter-Sectoral Impact Model Intercomparison 
Project 2b (ISI‒MIP-2b) for the period 1979–2100 (Frieler 
et al. 2017). The relationship between cold exposure and 
influenza recorded in World Health Organization (WHO) 
FluNet database is also analyzed to explore the impact of 
cold exposure on human health.

2 � Data and Methods

This section first introduces the characteristics and applica-
bility of the data used, followed by a detailed description of 
the research methods, including the calculation of metrics, 
the methodology of attribution, and the correction of model 
simulations.

2.1 � Hourly Climatic Data

In this section, we introduce the meteorological dataset used 
in this study and its related attributes, including the data 
period, spatial resolution, and reliability.

2.1.1 � Surface Air Temperature Data of the Fifth Generation 
Reanalysis (ERA5) Dataset

The ERA5 hourly surface air temperature (SAT) dataset, 
provided at a 0.25° × 0.25° spatial resolution, is available 
from 1940 onwards (Hersbach et al. 2020). In this study, we 
used the hourly ERA5 SAT data spanning the period from 
1979 to 2023.

2.1.2 � Universal Thermal Climate Index (UTCI) Dataset 
and Its Calculation

The UTCI was used as the second metric to measure cold 
stress, and hourly UTCI data were obtained from ERA5-
HEAT (Di Napoli et al. 2020). The UTCI is defined as the air 
temperature (°C) that would cause the equivalent dynamic 
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physiological response under a set of reference conditions 
(Bröde et al. 2012). Reference conditions were referred to 
the following metrics: mean radiant temperature (Tmrt) = air 
temperature (°C); wind speed (10 m above ground level) 
(va) = 0.5 m/s; relative humidity (Rh) = 50% (SAT ≤ 29 °C); 
and water vapor pressure (ea) = 20 hPa (SAT > 29 °C). The 
calculation can be conducted by the thermofeel package in 
Python (Brimicombe et al. 2022). The dataset has a spa-
tial resolution of 0.25° × 0.25° and is available from 1940 
onward. To match the period of ERA5 SAT data, we used 
UTCI data from 1979 to 2023 in this study.

2.1.3 � Meteorological Station Data

Observed hourly records of SAT, wind speed, and rela-
tive humidity from 2400 Chinese meteorological stations 
obtained from the China Meteorological Administration 
(CMA 2017) were used to evaluate the hourly ERA5 SAT 
and UTCI datasets. All the station observations are homog-
enous and have been quality controlled by the CMA. Most 
of the station records cover the period of 1979‒2020.

2.1.4 � Modern‑Era Retrospective Analysis for Research 
and Applications, Version 2 (MERRA‑2) Hourly Surface 
Air Temperature (SAT) Data

Besides the assessment of hourly ERA5 SAT data based on 
observational records from meteorological stations in China, 
we also assessed the ERA5 SAT and ERA5 SAT-based cold 
exposure using another hourly gridded SAT dataset obtained 
from MERRA​-2 (Gelaro et al. 2017). The MERRA​-2 hourly 
SAT dataset has a spatial resolution of 0.5° × 0.625°, is 
available from 1980 onwards, and its high quality has been 
verified in previous studies (Gelaro et al. 2017; Luo et al. 
2020; Wen et al. 2022).

2.1.5 � Climate Model Simulations

To project the future hourly population cold exposure, we 
used hourly SAT data from the GFDL-ESM4 and MIROC-
ES2L models participating in the Coupled Model Intercom-
parison Project Phase 6 (CMIP6) (Eyring et al. 2016). Since 
there are fewer hourly models in CMIP6, only these two 
models provide hourly SAT data for the complete historical 
period and SSP2-4.5 scenario. The MIROC-ES2L model 
provides 30 realizations of hourly SAT at 2.8° × 2.8° resolu-
tion for 1850–2014 (historical) and 2015–2100 (SSP2-4.5) 
(Hajima et al. 2020), while the GFDL-ESM4 model offers 
hourly SAT at 1° × 1.25° for 1980–2014 (historical, first 
realization) and 2015–2100 (SSP2-4.5, second and third 
realizations) (Dunne et al. 2020).

2.2 � Population Data

We used the annual global population dataset from ISI-MIP 
(1860–2100) with a spatial resolution of 0.0833° × 0.0833° 
(Frieler et al. 2017). The historical and future population 
datasets originate from different sources and differ in their 
time period. The historical data were from 1860 to 2005, 
whereas the future data cover the period from 2010 to 2100 
(Frieler et al. 2017). Therefore, the population data from 
2006 to 2009 were lacking. For the data gap, we linearly 
merged the data to match the SSP2 data in 2010 (Geiger 
et al. 2021). Data for the period 1979–2100 were used in 
our cold exposure analysis. To maintain the spatial pattern 
of the population as precisely as possible, population data 
were upscaled to 0.1° × 0.1° by first-order conservative 
remapping, which can keep the total population the same 
in the process. Correspondingly, reanalysis and all CMIP6 
data used were also downscaled to the same resolution via 
bilinear interpolation to match the population data.

2.3 � Influenza Data

To explore the relationship between influenza and cold 
exposure, we used influenza positivity rate data from senti-
nel sites in China and the United States during 2015–2019, 
obtained from the WHO FluNet database (World Health 
Organization 2022). These countries have the most complete 
records of influenza positives and negatives. All influenza 
types were included in the analysis. To avoid the influence 
of the COVID-19 pandemic, data after 2020 were excluded 
(Jones 2021).

2.4 � Comparison and Assessment of Hourly Surface 
Air Temperature (SAT) and Universal Thermal 
Climate Index (UTCI) Data

We performed an assessment of hourly ERA5 SAT and 
UTCI using meteorological station data from China. We 
first matched the nearest grids of ERA5 SAT and UTCI to 
the locations of meteorological stations. Given that some 
observational values were missing, we only extracted ERA5 
SAT and UTCI data at time coordinates when station obser-
vations were complete. We then used bilinear interpolation 
to calculate the SAT and UTCI at the locations of the target 
stations, while eliminating the errors induced by elevation 
differences (Cosgrove et al. 2003). The hourly ERA5 SAT 
grid data were corrected using the following equation:

where T is the corrected ERA5 hourly SAT (°C) and Tinterped 
is the interpolated value (°C); γ is the lapse rate (assumed 
to be 6.5 °C/km), and ΔZ is the elevation difference. The 

(1)T = Tinterped + �ΔZ
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Pearson correlation coefficient (R), root-mean-square error 
(RMSE), and symmetric mean absolute percentage error 
(SMAPE) were employed to assess the total number of cold 
(≤ 0 °C) hours of the corrected ERA5 SAT against the sta-
tion observations. The results show high consistency, with 
most grid cells demonstrating strong correlations and low 
errors (Fig. S11). Furthermore, ERA5-derived cold hours 
closely agree with those from MERRA-2 in both spatial 
distribution and temporal trends, with correlation coeffi-
cients exceeding 0.9 across most land areas and > 0.99 at 
the global scale during 1979–2023 (Fig. S2a–S2c1).

When validating the UTCI, there is an absence of station 
observations for the radiation components (that is, diffuse 
solar radiation at the surface). To evaluate the performance 
of the UTCI as thoroughly as possible, we used station 
observations for the variables of SAT, humidity, and wind 
speed, and set the Tmrt to be equal to the SAT according to 
the reference conditions of UTCI radiation (see Sect. 2.1.2). 
The interpolation method of the other gridded meteorologi-
cal variables (that is, humidity and wind speed) used for 
UTCI evaluation was the same as that used for ERA5 SAT 
described above, and the output was referred to as UTCI*. 
The UTCI* calculated from ERA5 showed good agreement 
with that calculated from station observations (Fig. S11).

2.5 � Calculation of Cold Hours

The ERA5 SAT- and UTCI-based cold hours were divided 
into five categories: total number of cold hours (UTCI/
SAT  ≤  0  °C), moderate cold hours (−  13  °C  <  UTCI/
SAT  ≤  0  °C), strong cold hours (−  27  °C  <  UTCI/
SAT ≤ − 13 °C), very strong cold hours (− 40 °C < UTCI/
SAT  ≤  −  27  °C), and extreme cold hours (UTCI/
SAT ≤ − 40 °C). For each category, the annual number of 
cold hours was calculated per grid cell, and the global mean 
was derived by averaging over grids where cold-hour occur-
rences were observed. To reveal the changing proportion of 
cold hours within a single cold day in different categories, 
the following formula was used:

where P is the annual averaged proportion of cold hours in 
cold days at a specific cold category. Hours and Days are 
annual globally average numbers of cold hours and cold 
days. To reveal the spatial characteristics of cold hours, the 
spatial coverage percentage of cold hours in each category 
was also calculated by dividing the number of grids in which 

(2)P =
Hours

Days

cold hours of a specific category occurred by the total num-
ber of global land grids.

2.6 � Hourly Population Cold Exposure Calculation

Hourly cold exposure in a specific category is the product 
of the population and number of cold hours in a given grid 
(Broadbent et al. 2020). Meanwhile, national and global 
hourly cold exposures were calculated as the sum of hourly 
cold exposures occurring in all grids within a country and 
globally, respectively. Hourly cold exposure in weekly and 
yearly scales was calculated by the sum of cold exposure 
within a single week and year, respectively. Weekly hours 
of cold exposure per person were calculated by dividing the 
cold exposure in a specific country by the population in that 
country.

2.7 � Attribution Analysis for Changes in Population 
Cold Exposure

According to the attribution method of population expo-
sure proposed by Jones et al. (2015) and Tuholske et al. 
(2021), we decomposed the change in population exposure 
into climate, population, and interaction effects (Zhu and 
Duan 2025). For the climate effect, climate was allowed to 
change while population was fixed at the reference year (that 
is, 1979). The population effect was derived by allowing 
population to change while fixing climate at the reference 
year. The interaction effect corresponds to the remainder 
after subtracting the population and climate effects from the 
total exposures:

where ΔE denotes the total change in exposure; C1 and P1 
represent the number of cold hours and population in the 
fixed year, respectively; while ΔC and ΔP represent their 
changes relative to 1979. Following the approach of Tuhol-
ske et al. (2021), we defined the climate effect as P1 × ΔC, 
the population effect as C1 × ΔP, and the interaction effect 
as ΔC × ΔP.

To quantify the contribution of each component, we cal-
culated their relative proportions using regression coeffi-
cients estimated through ordinary least squares (OLS). Cor-
respondingly, these three effects can be expressed as follows:

where Eff∗ is the effect of climate, population, and interac-
tion. �∗ , �∗ , and �∗ are intercept, regression coefficient, and 
residuals. The symbol * represent cli, pop, and inter, and 
Eq. 4 was applied to calculate the climate effect, population 
effect, and interaction effect, respectively.

(3)ΔE = P1 × ΔC + C1 × ΔP + ΔC × ΔP

(4)Eff∗ = �∗ + �∗Yi + �∗

1  https://​zenodo.​org/​recor​ds/​18482​954

https://zenodo.org/records/18482954
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On the basis of the regression coefficients above, the rela-
tive share of these three effects was defined as follows (if 
all are > 0):

If any coefficients are ≤ 0, the share was defined first 
by the following cases based on the trend of cold exposure 
being negative:

where �1 , �2 , and �3 are regression coefficients derived from 
Eq. 4, and the subscripts respectively correspond to one of 
the three: 1 = population (pop), 2 = climate (cli), and 3 = 
interaction effect (inter). According to the conditions of the 
formula, they can be substituted in the corresponding equal-
ity calculation.

Second, when cold exposure shows an increasing trend:

This is similar to Eq. 6. The �inter is negative, because 
according to the distributive law of multiplication, it must 
be negative in this case.

2.8 � Relationship Analysis of Hourly Population Cold 
Exposure with Influenza

Based on the weekly number of influenza positives and 
negatives in China and the United States derived from the 
sentinel surveillance sites of the FluNet dataset, the weekly 
influenza positivity rate (PR) was calculated as follows:

where Numpos and Numneg are the weekly number of posi-
tives and negatives, respectively. Correspondingly, weekly 
hours of cold exposure per person (see Sect. 2.6) were cal-
culated for China and the United States. The OLS method 
was employed to disclose the relationships of the number 
of influenza cases and influenza positivity rate with hourly 
population cold exposure.

(5)

Share =
𝛽eff

𝛽cli + 𝛽pop + 𝛽inter
, 𝛽cli, 𝛽pop, 𝛽inter > 0, eff = cli, pop, inter

(6)Share =

⎧
⎪⎨⎪⎩

𝛽1

𝛽1+𝛽2
, 𝛽1, 𝛽2 < 0

𝛽2

𝛽1+𝛽2
, 𝛽1, 𝛽2 < 0

0%, 𝛽3 > 0

(7)Share =

⎧
⎪⎨⎪⎩

𝛽inter

𝛽inter+𝛽2
= 0%, 𝛽inter, 𝛽2 < 0

𝛽2

𝛽inter+𝛽2
= 0%, 𝛽inter, 𝛽2 < 0

100%, for eff3, 𝛽3 > 0

(8)PR =
Numpos

Numpos+Numneg

2.9 � Assessment and Correction of Simulated Cold 
Hours

To examine the consistency of cold hours simulated by dif-
ferent realizations of the same climate model, we calculated 
correlation coefficients for both the temporal series and 
spatial distributions of total cold (≤ 0 °C) hours derived 
from the first 10 realizations of the MIROC-ES2L model 
in the historical period (1979‒2014) and SSP2-4.5 period 
(2015‒2100), and for the two realizations of GFDL-ESM4 
during 2015–2100. Notably, GFDL-ESM4 during the his-
torical period (1980‒2014) has only one realization, thus the 
consistency examination cannot be performed. All correla-
tion coefficients were significant at the 0.001 level (Tables 
S3‒S61). Thus, we used the first realization of the MIROC-
ES2L model in both the historical period and the future 
period under the SSP2-4.5 scenario for further analysis. For 
the GFDL-ESM4 model, we used the first realization in the 
historical period and second realization (only the second and 
third realizations were available) in the future period under 
SSP2-4.5. We corrected the simulated cold hours based on 
the cumulative probability density function (CDF) of ERA5, 
and calculated the quantiles of ERA5- and simulation-based 
SAT in the historical period as follows:

and

where �i,obs and �i,Hsim are the quantile values (that is, i°C) 
of the observed SAT Tobs and simulated SAT THsim,h , respec-
tively; Fobs and FHsim are the CDFs of ERA5- and simula-
tion-based SAT, respectively. To correct the trend of cold 
hours in the simulations, the annual trends of quantile values 
at the same SAT for ERA5 and historical simulations were 
calculated using OLS:

and

where �Hsim and �obs are the trends of quantile values at i°C 
of SAT from historical simulations and ERA5, respectively.

We then corrected the mean of CDF of simulations at 
the same SAT of ERA5, and the mean of quantile values at 
the same SAT was derived from the time series of quantile 
values after detrending:

(9)�i,obs = Fobs

[
Tobs

]

(10)�i,Hsim = FHsim

[
THsim

]

(11)THsim,i = �Hsim + �HsimYi + �Hsim

(12)Tobs,i = �obs + �obsYi + �obs
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and

where MHsim(i) and Mobs(i) are the means of quantile val-
ues at i°C from the historical simulations and ERA5 after 
detrending, respectively; Numyear refers to the number of 
years in the historical period.

Next, we corrected the CDF trend as follows:

where �i,Hsim,cor is the quantile value at i°C after correction, 
and ΔTri = Tobs,i − THsim,i and ΔMi = Mobs(i) −MHsim,(i).

According to the �i,sim,h,cor in the historical period, quan-
tile mapping was conducted as follows:

where F−1
Hsim,cor

 is the CDF after correction in Eq. 15. After 
this processing, the trend of total number of cold hours was 
shown to be well-corrected, with little difference in trend 
between the simulation and ERA5 SAT (Fig. S31).

For corrections in the period 2015‒2100, we retained 
the relative change and climate sensitivity of the SSP2-4.5 
scenario using the quantile delta mapping method (Cannon 
et al. 2015). First, the trend and mean of quantile values at 
the same SAT of the SSP2-4.5 scenario were calculated, 
similar to Eqs. 11 and 13, as follows:

and

where Numyear is the number of years. The deltas of the 
mean and trend between the simulations derived from the 
projection period and historical period were calculated as 
follows:

and

(13)
MHsim(i) =

m∑
n=1

qHsim,de(i)

Numyear

(14)
Mobs(i) =

m∑
n=1

qobs,de(i)

Numyear

(15)�i,Hsim,cor = �i,Hsim + ΔTri + ΔMi

(16)XHsim(i) = F−1
Hsim,cor

[
�i
]

(17)TPsim(i) = �Psim + �Psim(i)Yi + �Psim

(18)
MPsim(i) =

m∑
n=1

qPsim,de(i)

Numyear

(19)Δi,PTr(i) = TPsim(i) − THsim(i)

(20)Δi,PM(i) = MPsim(i) −MHsim(i)

where Δi,PTr(i) and Δi,PM(i) are delta changes of trend and 
mean of CDFs in SSP2-4.5 relative to that in the historical 
period.

The correction of the CDF in the future period under 
SSP2-4.5 was calculated as follows:

where �i,Psim,cor is the corrected quantile value at i°C, and 
all quantile values after correction comprise the corrected 
annual CDF in the SSP2-4.5 projection Fobs,p,cor . The cor-
rected SAT was mapped as follows:

Thus, the bias of the number of cold hours in simulations 
was well-corrected.

3 � Results

This section first clarifies the characteristics of changes 
in cold hours and their comparison with cold days. Then, 
population exposure based on cold hours is calculated. 
Furthermore, it analyzes and quantifies the factors causing 
changes in cold exposure. Finally, it explores the relation-
ship between cold exposure and influenza and predicts future 
exposure to cold hours.

3.1 � Changes in Cold Hours Under Climate Warming

Both annual cold hours and the proportion of cold hours 
within a single cold day have changed due to climate warm-
ing in recent decades (Fig. 1). Although the UTCI- and 
SAT-based cold hours in the categories of total cold, very 
strong cold, and extreme cold have decreased significantly 
over 1979–2023, the annual cold hours for both moderate 
cold and UTCI-based strong cold categories exhibit non-
significant change over this period (Fig. 1). Notably, cold 
hours in the categories of moderate and strong cold account 
for a greater proportion of total cold hours compared to very 
strong and extreme cold (49% and 38% for SAT- and UTCI-
based moderate cold, 33% and 40% for SAT- and UTCI-
based strong cold, 27% and 29% for SAT- and UTCI-based 
very strong cold, and 8% and 29% for SAT- and UTCI-based 
extreme cold) (Fig. 1a–e).

A second notable finding is the increased proportion of 
UTCI-based cold hours within a single cold day for moder-
ate, strong, and very strong cold categories under the back-
ground of climate warming over recent decades (Fig. 1g–i). 
Meanwhile, the UTCI-based proportion of extreme and total 
cold hours within a single cold day showed a significant 
decrease (Fig. 1j and 1f), and changes in other categories 

(21)
�i,Psim,cor = �i,Psim +

[
Δi,PTr(i) + Tobs(i)

]
+
[
Δi,PM(i) +Mobs(i)

]

(22)Xcor
Psim

(i) = F−1
obs,Pcor

[
�i
]
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Fig. 1   Annual cold hours (left column) and cold hours per cold 
day (right column) across different cold stress categories, aver-
aged over all global land (except the Antarctic) from 1979 to 
2023. a, f Total cold stress (UTCI/SAT  ≤  0  °C). b, g Moderate 
cold stress (− 13  °C < UTCI/SAT ≤ 0  °C). c, h Strong cold stress 
(−  27  °C  <  UTCI/SAT  ≤  −  13  °C). d, i Very strong cold stress 

(− 40 °C < UTCI/SAT ≤ − 27 °C). e, j Extreme cold stress (UTCI/
SAT  ≤  −40  °C). Solid/dashed black lines in a‒j denote significant 
(P < 0.05)/insignificant (P > 0.05) trends derived using linear regres-
sion, and the shaded areas denote the corresponding 95% confidence 
interval. UTCI Universal Thermal Climate Index, SAT Surface air 
temperature.
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were nonsignificant. Similarly, the SAT-based cold hours 
displayed a significant decrease for extreme and total cold, 
but an insignificant change or increase in the other three 
categories (Fig. 1f–j). The spatial distribution of cold hours 

within a single cold day exhibited notable shifts across 
various cold stress categories (Fig. S41). In particular, for 
UTCI-based moderate cold stress, most regions exhibited 
significantly increased cold hours (Fig. S4c1). These results 

Fig. 2   Hourly population exposure to cold stress in different cat-
egories over global land during the period 1979–2023. a Total cold 
exposure. b Moderate cold exposure. c Strong cold exposure. d Very 
strong cold exposure. e Extreme cold exposure. f Spatial coverage of 
SAT- and UTCI-based cold exposure. The solid/dotted lines in a–e 

denote significant (P < 0.05)/insignificant (P > 0.05) trends derived 
using linear regression, and the shaded areas denote the correspond-
ing 95% confidence interval. UTCI Universal Thermal Climate Index; 
SAT Surface air temperature.
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indicate that changes in cold hours were not consistent with 
changes in cold days and did not decrease uniformly across 
different categories, but shifted from extreme/strong cold to 
strong/moderate cold with climate warming. This implies 
that daily cold stress indices may not capture the full extent 
of hourly-scale changes in cold stress.

The differences between UTCI- and SAT-based cold 
hours presented in Fig. 2 relate to the different meteorologi-
cal variables considered in the two thermal metrics as well 
as the different spatial distributions of cold hours (Figs. S5 
and S61). The SAT-based cold only includes air temperature, 
while the UTCI also includes humidity, wind speed, and 
radiation. The grid mean of UTCI-based cold hours is also 
greater than that of SAT-based cold hours in all categories 
of cold stress (Figs. S5 and S61).

3.2 � Hourly Population Cold Exposure in Recent 
Decades

During the period 1979‒2023, cold stress affected more 
than 60% of the global land area (81% for UTCI and 65% 
for SAT; Fig. 2f), and 40–70% of the global population expe-
rienced cold exposure (60–70% for UTCI and 40–50% for 
SAT). Although SAT-based hourly population cold exposure 
in all categories showed an insignificant change over recent 
decades, UTCI-based cold exposure in the categories of total 
and moderate cold stress exhibited a significant increase 
(Fig. 2a, b). The UTCI-based total cold exposure increased 
from 5.58 × 1012 person-hours in 1979 to 6.41 × 1012 per-
son-hours in 2023, corresponding to an annual increment 
of 2.05 × 1010 person-hours yr−1 (Fig. 2a). Similar to the 
proportion of cold hours across categories (Fig. 1), moderate 
cold exposure accounted for roughly 70% of the total cold 
exposure (Fig. 2a, b).

The UTCI-based hourly population cold exposure is pre-
dominantly distributed across 30°‒60°N, with high concen-
trations in North America, Europe, and central and eastern 
Asia (Fig. 3; Table S11). The severity and spatial distribution 
of cold exposure varied with the category of cold stress, 
with significant changes in cold exposure observed in most 
cold-exposed areas (Fig. 3). The most significant increase 
in cold exposure was observed in northeast Asia, while the 
most significant decrease occurred in Europe (Fig. 3f–j). 
Due to the rate of increase outpacing the rate of decrease 
in cold exposure (Fig. 3f, g), global cold exposure in the 
categories of total and moderate cold has shown a signifi-
cant increasing trend in recent decades (Fig. 2a, b). It is also 
evident that the increase in UTCI-based total cold exposure 
was mainly driven by moderate cold exposure (Fig. 3f, j). 
Similar spatial patterns were also found for SAT-based cold 
exposure (Fig. S71).

At the national level, almost all inhabitants experienced 
cold stress in major cold-exposed countries (Table. S11), 

with substantial discrepancies in population cold exposure 
among these countries (Tables S1 and S21). In both UTCI- 
and SAT-based analyses, total cold exposures in China, Rus-
sia, and the United States accounted for over half of global 
cold exposure. The UTCI-/(SAT)-based annual means of 
total cold exposure in China, Russia, and the United States 
for the period 1979–2023 were 2.10 × 1012 (1.08 × 1012), 
6.55 × 1011 (4.49 × 1011), and 6.04 × 1011 (2.62 × 1011) 
person-hours, respectively. Additionally, the annual cold 
exposure per person (Sect. 2.6) also differed among coun-
tries, generally showing a latitude-dependent variation 
(Table S11). This indicates the key role of regional climate 
and its associated changes in population cold exposure. In 
contrast to UTCI-derived cold exposure (Fig. 3), SAT-based 
cold exposure (Fig. S71) features a lower intensity, and less 
pronounced temporal trends, demonstrating the critical influ-
ence of moisture, radiation, and wind speed in driving the 
rise in population cold exposure.

3.3 � Cause of Increased Hourly Population Cold 
Exposure Under Climate Warming

By decomposing cold exposure as the climate, popula-
tion, and interaction effects, we quantified their respective 
contributions to changes in cold exposure across various 
categories (see Sect. 2.7). Overall, the population effect 
outweighed the climate effect and served as the primary 
driver of UTCI-based global population cold exposure in 
all categories except for extreme cold during the period 
1979‒2023 (Fig. 4). However, the climate effect of changes 
in cold hours was also critical to changes in cold exposure 
in some areas, with large spatial discrepancies in the relative 
contributions of the two factors (climate and population) to 
changes in cold exposure. Population growth emerged as the 
primary driver of elevated UTCI-based total cold exposure 
in eastern and central Asia, and central parts of the United 
States during the period 1979‒2023, whereas a reduction in 
cold hours accounted for the decline in cold exposure across 
Europe (Fig. 4).

Changes in both population (Fig. S8a1) and cold hours 
(Figs. S5 and S61) in Europe were spatially heterogeneous. 
The decreased number of cold hours was the principal cause 
of decreased total exposure in western Europe, while both 
the decreased number of cold hours and negative popula-
tion growth contributed to the decreased total cold expo-
sure in eastern Europe (Figs. 3, 4). However, the interaction 
effect of population with climate exhibited little influence on 
changes in population cold exposures over the 1979‒2023 
period (Fig. 4). This is because the trends of the interaction 
effect and cold exposure exhibited opposing signs. For typi-
cal areas with increased cold exposure (for example, East 
Asia; Fig. 3f) and a decreased number of cold hours (for 
example, East Asia; Fig. S5b1), population growth was the 



	 Zhu et al. Increasing Hourly Population Exposure to Moderate Cold Under Climate Warming

only contributing factor (that is, 100%) and the interaction 
effect, with a negative trend (see Sect. 2.7), had no contribu-
tion (that is, 0%) (Fig. 4b). For regions where cold exposure 
decreased (for example, Europe; Fig. 3f), the simultane-
ous decrease in both cold hours and population (Figs. S5b 

and S8a1) meant that the interaction effect, despite a positive 
trend, had no impact on the reduction of exposure (Fig. 4b).

The SAT-based attributions were similar to those based 
on UTCI, with the most evident discrepancy being the domi-
nant factor contributing to moderate cold exposure in Europe 
(Fig. 4c, d). A decrease in the number of cold hours was the 

Fig. 3   a–e Spatial distributions of mean UTCI-based hourly popula-
tion cold exposure and zonal averages for different cold stress cate-
gories from 1979 to 2023. f–j Spatial patterns of the trend and cor-
responding zonal sum trends for UTCI-based hourly population cold 

exposure in different categories from 1979 to 2023. a, f Total cold 
exposure. b, g Moderate cold exposure. c, h Strong cold exposure. d, 
i Very strong cold exposure. e, j Extreme cold exposure. Stippling in 
f–j denotes a significant trend (P < 0.05).
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main contributor to the decreased SAT-based moderate cold 
exposure, while negative population growth was the critical 
cause of the decreased UTCI-based moderate cold expo-
sure. This divergence stems from the more rapid reduction 
compared to UTCI-based values (Figs. S5 and S61), mak-
ing the SAT-based climate effect more significant than the 
UTCI-based climate effect in Europe. This also implies that 
humidity, wind speed, and other meteorological variables 
exert a notable influence on cold exposure, especially in the 
more common moderate cold exposure category.

3.4 � Implications of Hourly Population Cold 
Exposure and Its Current Risk

Given the potential link between population cold exposure 
and influenza (Carmona et al. 2016; Peci et al. 2019; Carter-
Templeton et al. 2022), we investigated the relationship 
between the available weekly number of influenza cases 
from the FluNet dataset and weekly total cold exposure (see 
Sect. 2.8). Since China and the United States ranked high-
est in cold exposure (Table S11) and had the most complete 
influenza case records in the FluNet dataset for the period 
2015–2019, we chose these two countries to analyze the 
relationship between cold exposure and influenza. Increases 
in both SAT- and UTCI-based cold exposures were signifi-
cantly correlated with the increased number of influenza 
cases in China and the United States.

This significant linear correlation was particularly evi-
dent during the cold seasons (that is, winter and spring) 
(Fig. 5a–d). Due to the unavailability of specific informa-
tion regarding sentinel surveillance, we further investigated 
the relationship between influenza positivity rate and per 
capita cold hours to eliminate the influence of the number 
of sentinel sites on the sample size of influenza positives 
(Fig. S8b–S8e1). This provided the probability of an indi-
vidual suffering from influenza when exposed to cold stress, 
and the same results were obtained as those shown in Fig. 5.

To explore future hourly population cold exposure and the 
associated risk, we projected global hourly population cold 
exposure until 2100 under the SSP2-4.5 scenario (Fig. 5e). 
To match the scenario of the population data, projected SAT 
data under the SSP2-4.5 scenario were used to cover the 
period 2015–2100 (O’Neill et al. 2016). Although the UTCI-
based hourly cold exposure projection is limited due to the 
unavailability of data for the variables used in the calcula-
tion of the UTCI (see Sect. 2.1.2), the SAT-based projection 
showed that global hourly population cold exposure will not 
decline significantly in the near term (that is, until 2040). 
Regionally, hourly cold exposure is projected to continue 
increasing in the northern mid- and high-latitudes (Fig. S91). 
The finding that moderate cold exposure represented 70% of 
the historical cold exposure and has increased significantly 
(Fig. 2) implies a probable widespread risk of moderate cold 

exposure for most populations in the near future. Moreo-
ver, given the greater UTCI-based total and moderate cold 
exposure compared to SAT-based total cold exposure in the 
historical period (Fig. 2a, b), the UTCI-based total and mod-
erate cold exposure in the near future may also be greater 
than the SAT-based projection. This implies that the influ-
enza risk related to hourly cold exposure will not decrease 
and may even increase, at least in the near future. These 
results emphasize that future climate warming will not lead 
to a decrease in current cold-related influenza and call for 
increased attention to this potential risk.

4 � Discussion

Our research demonstrates that cold hours across various 
cold categories do not decrease uniformly; instead, there is 
a shift from extreme to moderate cold (Fig. 1). Notably, cold 
hours and cold days exhibit substantial discrepancies. Except 
for extreme cold hours, the number of cold hours per cold 
day has increased across all other categories (Fig. 1). Under 
global warming, cold exposure has increased significantly. 
This is mainly due to the rise in moderate cold exposure, 
while there is no significant decreasing trend in exposure 
at other categories. For hourly cold exposure in the future, 
although it will decrease significantly by 2100, there will not 
be a notable decline in the near future (that is, until around 
2040). Furthermore, our results indicate that a robust linear 
association exists between influenza and hourly cold expo-
sure, meaning that higher hourly cold exposure is associated 
with higher rates of influenza. This also indicates that the 
recent flu risk may not decrease with global warming.

Nevertheless, this study has several inherent limitations. 
First, the population data employed in our research are 
static and cannot characterize the dynamic changes in cold 
exposure driven by population movement and migration. 
Second, since the future hourly projections only have SAT, 
the projection of hourly UTCI-based cold hours cannot be 
calculated. Therefore, our estimation of future cold expo-
sure is limited to the SAT. Furthermore, the spatiotemporal 
resolution of influenza data is at an annual national scale. 
Therefore, many factors related to influenza cannot be fur-
ther analyzed. Moreover, the data records in many countries 
and regions are relatively incomplete. Therefore, we focused 
on China and the United States, two countries with large 
sample sizes and comprehensive data records, to analyze the 
potential relationship between cold exposure and influenza. 
This has certain limitations for the global estimation of this 
relationship. However, given that recent cold exposure may 
still increase, this qualitative relationship as an extended dis-
cussion and implication of cold exposure still holds certain 
reference significance.
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The relationship between influenza and cold exposure 
is relatively complex. In terms of temperature, the thresh-
old sensitivity of influenza to temperature shows spatial 

heterogeneity. In South Korea, the risk of influenza signifi-
cantly increases when the temperature is between 0 and 5 °C 
(Park et al. 2020), while in China, influenza peaks around 
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Fig. 4   Contributions of climate, population, and interaction effects to 
the UTCI-based (left column) and SAT-based (right column) hourly 
population cold exposure in different cold stress categories from 1979 
to 2023. a, b Total cold exposure. c, d Moderate cold exposure. e, f 
Strong cold exposure. g, h Very strong cold exposure. i, j Extreme 

cold exposure. The ratios of cyan, yellow, and magenta colors rep-
resent the quantitative contributions of the three effects, which are 
depicted within a color triangle. UTCI Universal Thermal Climate 
Index, SAT Surface air temperature.

◂

Fig. 5   Relationship between weekly number of influenza cases and 
weekly SAT-based a, b and UTCI-based c, d hourly cold exposure 
in the United States and China, alongside projected annual global 
population cold exposure derived from SAT-based hourly data from 
2024 to 2100 e. Complete influenza datasets from 2015 to 2019 for 
the United States and China were utilized in a–d (see Sect. 2.3), with 
dot colors representing different seasons. N, R, and P in panels a–d 
denote the sample size, correlation coefficient, and significance level, 

respectively. The black lines in a–d are the linear regression fitting 
lines. The orange line and shaded area in e denote the annual cold 
exposure and its uncertainty based on simulated cold hours. Solid 
and dashed black lines in e denote statistically significant (P < 0.05) 
and non-significant (P > 0.05) trends from linear regression analyses, 
with the respective shaded areas indicating the 95% confidence inter-
vals. UTCI Universal Thermal Climate Index; SAT Surface air tem-
perature.
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– 5 °C (Chen et al. 2021). The sensitivity of different viruses 
to temperature also varies. Previous studies have shown that 
influenza is not only related to cold exposure but also to 
humidity. Low temperature and relative humidity may pro-
vide a suitable environment for aerosol transmission, thereby 
enhancing the survival ability and transmission efficiency 
of influenza viruses (Lowen and Palese 2009). When the 
number of cold hours increases, people’s outdoor activities 
tend to decrease, promoting individuals to spend more time 
indoors and thereby increasing the contact rate among peo-
ple (Tamerius et al. 2011). Influenza is also influenced by 
economic development and population factors. The influenza 
rate among economically underdeveloped populations is sig-
nificantly higher than that among populations of developed 
economies, and the infection rate among children is also 
relatively high (Balasegaram et al. 2012; Bota et al. 2021).

Considering the unevenness of cold exposure across dif-
ferent cold categories under climate warming and its sig-
nificance for the prevention and treatment of influenza in 
the future, additional investigations into hourly cold expo-
sure and its association with influenza are urgently required, 
necessitating the incorporation of multivariate regression 
(for example, with indoor behavior, vaccination rates, or 
socioeconomic factors) to isolate the specific effect of cold 
exposure. The cold exposure projection in this study is lim-
ited to SAT-based analysis, and UTCI-based cold exposure 
is highly expected. In this aspect, substantial progress in 
obtaining future meteorological forecast data related to per-
ceived temperatures (such as UTCI) is needed. More precise 
data on influenza cases should also be accessible to further 
fill the research gap in this area.

Our research highlights that the changes in cold hours 
under climate warming is not uniform, and the cold hours 
varies disproportionately with the cold days. More impor-
tantly, cold exposure is still on the rise and is unlikely to 
decrease in the near future. This may pose challenges for 
future responses to cold exposure, such as heating, and 
the medical sector may bear considerable pressure. Thus, 
drawing on our findings, we recommend enhancing targeted 
attention to cold exposure risks in regions with substantial 
increases in such exposure.

5 � Conclusion

This study uncovers changes of global hourly cold stress 
and cold exposure from 1979 to 2100. Cold stress did not 
decrease uniformly across all categories, with a notable 
shift from extreme to moderate cold exposure observed 
since 1979. The increase in cold exposure predominantly 
occurred in the middle and high latitudes of the Northern 
Hemisphere, particularly in regions like East Asia and North 
America, driven by population growth. A robust correlation 

was identified between hourly cold exposure, number of 
influenza cases, and influenza positivity rates. Projections 
of hourly cold exposure indicate that cold exposure will not 
start to decline until 2040, underscoring that cold exposure-
related health hazards remain a critical concern requir-
ing sustained attention. These findings show that current 
frameworks prioritizing extreme cold events may overlook 
risks from persistent moderate cold exposure, particularly in 
densely populated mid-latitude areas. Therefore, we suggest 
that assessments of cold exposure should consider the spe-
cific health impacts of cold stress in different categories and 
pay particular attention to regions experiencing a marked 
increase in exposure risk.
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