
PA
PE
R
S

www.jogh.org • doi: 10.7189/jogh.16.01000	 1	 2026  •  Vol. 16  •  01000

Ambient air pollution and psoriasis: a 
nationwide cross-sectional study of 149 744 
Chinese patients in 31 provinces

Electronic supplementary material: 
The online version of this article contains supplementary material.

Cite as: Bi L, Wang Z, Yang J, Tian Z, Zhao H, Xu Z, Chen K, Zhuang Z, Huang X, Ouyang H, 
Sheng Y, Cui Y. Ambient air pollution and psoriasis: a nationwide cross-sectional study of 
149 744 Chinese patients in 31 provinces. J Glob Health. 2026;16:04010.

Lingbo Bi1* ,  
Ziyi Wang1* , 
Jungang Yang1*,  
Ziyuan Tian1*,  
Hanqing Zhao2,  
Zining Xu1,  
Kejun Chen1,  
Zhou Zhuang1,  
Xiaoyi Huang1,  
Hongfei Ouyang1, 
Yujun Sheng1 ,  
Yong Cui1

1�Department of Dermatology, China-
Japan Friendship Hospital, Beijing, 
China
2�Graduate School, Beijing University of 
Chinese Medicine, Beijing, China
*Joint first authorship.

Correspondence to:
Yujun Sheng�
China-Japan Friendship Hospital�
2 Yinghuayuan East Street, Beijing, 100029�
China�
ahmusyj@163.com
Yong Cui�
China-Japan Friendship Hospital�
2 Yinghuayuan East Street, Beijing, 100029�
China�
wuhucuiyong@vip.163.com

Background Skin is the largest organ of the human body. It continuously en-
counters environmental toxicants, including airborne pollutants, which may 
induce many skin disorders, such as psoriasis. However, evidence on the as-
sociation between airborne pollutants and psoriasis prevalence in China re-
mains limited.

Methods We used nationwide inpatient diagnostic data on psoriasis from 2021 
to 2023, encompassing 149 744 cases across 31 provinces, municipalities, and 
autonomous regions in China, along with corresponding air pollution data. 
We analysed the spatial distribution and clustering patterns of psoriasis using 
the spatial autocorrelation analysis. We employed Pearson correlation analy-
sis and Geodetector to explore the spatial heterogeneity of psoriasis and its as-
sociation with airborne pollutants at the provincial level. We assessed the ex-
planatory power of individual airborne pollutants and their combined effects 
on psoriasis prevalence.

Results Pearson correlation analysis revealed that PM10 (r = 0.604), PM2.5 
(r = 0.429), air quality index (AQI) (r = 0.542), and NO2 (r = 0.476) have significant 
positive correlations with psoriasis prevalence. Psoriasis and its subtypes 
exhibited significant spatial heterogeneity and diverse clustering patterns 
across regions. Geodetector identified PM10 (q = 0.357; P = 0.000), AQI (q = 0.315; 
P = 0.000), and O3 (q = 0.264; P = 0.000) as key contributors to this spatial het-
erogeneity. Interactive detection analysis further revealed that the combined 
effects of specific pollutant pairs, including PM2.5 and SO2 (q = 0.790), PM10 
and SO2 (q = 0.727), as well as O3 and SO2 (q = 0.704), played a pivotal role in ex-
plaining the prevalence of psoriasis. The other combinations also showed an 
important impact on psoriasis subtypes, including psoriasis vulgaris (PM2.5 
and SO2) (q = 0.792), psoriasis erythematous (PM2.5 and SO2) (q = 0.852), psoriat-
ic arthritis (PM10 and O3) (q = 0.840), and nail psoriasis (PM10 and O3) (q = 0.789).

Conclusions The airborne pollutants influence psoriasis prevalence and its 
subtypes. With the largest global study of the Asian population, we provide 
novel insights into the impact of air pollution on psoriasis, guiding future pub-
lic health policies and clinical interventions.

© 2026 The Author(s)

Psoriasis is a chronic, immune-mediated systemic disease with cutaneous 
manifestations. It represents a significant global health burden due to its 
high prevalence, chronicity, and profound impact on quality of life [1,2]. 
Worldwide, psoriasis affects over 60 million people, with regional varia-
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tions influenced by genetic, environmental, and lifestyle factors [3]. In China, as one of the most 
common autoimmune diseases, the prevalence of psoriasis is estimated at 0.47% which means at 
least six million individuals live with the disease [4,5]. Epidemiological studies have highlighted 
significant spatial heterogeneity in psoriasis prevalence, suggesting that environmental factors, 
including climate and air quality, may contribute to disease distribution and severity [6,7].

The relationship between skin disorders and environmental factors, such as climate, has been 
reported [8,9]. Previous studies revealed that cold, dry climates may be associated with increased 
disease severity [10,11]. Humidity and UV levels have been reported to regulate skin dryness and 
psoriasis-related inflammation [12]. However, the role of airborne pollutants, functioning as a 
critical environmental factor in rapidly industrialising regions such as China, remains poorly 
understood. Airborne pollutants, including fine particulate matter (PM2.5), inhalable PM (PM10), 
nitrogen dioxide (NO2), sulphur dioxide (SO2), and ozone (O3), have been implicated in the patho-
genesis of various inflammatory and autoimmune diseases, such as asthma, cardiovascular dis-
ease, and rheumatoid arthritis [13–16]. There is also evidence supporting that exposure to air-
borne pollutants may increase the risk of oxidative stress and inflammation in psoriasis [17,18]. 
Yet, their specific impact on psoriasis incidence and severity has not been systematically inves-
tigated, particularly in China’s diverse geographic and environmental landscape.

This study represents the first comprehensive analysis of the association between psoriasis inci-
dence, including its subtypes, and airborne pollutant levels across all provinces, autonomous 
regions, and municipalities in China. By integrating detailed epidemiological data from 2021–2023 
with high-resolution air quality measurements, we aimed to investigate the environmental deter-
minants of psoriasis. The novelty of our study lies in the granular, region-specific analysis and 
in the focus on interactions among multiple air pollutants and psoriasis subtypes. Furthermore, 
we leveraged advanced spatial statistical methods to elucidate the complex interplay between 
environmental factors and disease distribution.

METHODS

Data resource and processing
We included disease, population, and air quality data. We obtained psoriasis diagnosis data from 
2021–2023, including subtypes, from the China National Centre for Quality Control of Skin and 
STDs, which dermatologists across China determined according to the Chinese guidelines for 
psoriasis diagnosis and treatment. The psoriasis prevalence was calculated using the number of 
cases and population data from the China Statistical Yearbook. We calculated provincial air pol-
lution averages from city-level data published by the Atmospheric Composition Analysis Group 
at Dalhousie University.

To reduce potential bias from other social factors, we stratified the 31 provinces, autonomous 
regions, and municipalities into three layers based on the China Development Index published 
by Renmin University of China in 2022 [19]. Based on the data from the China Statistical Yearbook 
2022, Renmin University of China contains indexes from six aspects, including health, life qual-
ity, education, social environment, economy, and developing capacity, which comprehensively 
reflect the development at the provincial levels (Table S1 in the Online Supplementary Document).

Pearson correlation analysis and stratification
We performed the Pearson correlation analysis in R, version 4.4.3 (R Core Team, Vienna, Austria). 
We stratified 31 provinces, autonomous regions, and municipalities into three layers based on 
their ranks at Renmin University of China. Layer one had the highest rank, indicating that the 
provinces, autonomous regions, and municipalities were the most developed regions in China 
during this period.
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Spatial autocorrelation analysis
We performed spatial autocorrelation analysis, including global and local autocorrelation, using 
the built-in Spatial Statistics module in ArcGIS, version 10.8 (Esri, Redlands, California).

Global autocorrelation describes the overall distribution of the study object at the spatial level and 
indicates whether it exhibits spatial clustering. We chose the most used index for investigation:

In the formula, n represents the number of study units, ci and cj denote the psoriasis incidence 
rates of the i-th and j-th study units, respectively. c‾ is the average psoriasis incidence rate across 
all study units, and Wij is the spatial weight matrix.

Local spatial autocorrelation is used to examine the spatial relationship between a region’s pso-
riasis incidence rate and its neighbouring areas. The formula is as follows:

In the formula, n also represents the number of study units, ci and cj denote the observed value 
of psoriasis incidence rates of the i-th and j-th study units, respectively c‾ is the average psoriasis 
incidence rate across all study units, and Wij is the spatial weight matrix.

Instruction spatial weight matrix
We constructed a spatial weight matrix to reveal spatial associations among geographical objects, 
requiring prior definition of spatial adjacency relationships before conducting a spatial autocor-
relation analysis. The creation of an n × n normalised spatial adjacency matrix effectively repre-
sents the spatial location of individual objects or the proximity relationships between regions. 
The fundamental form of the normalised spatial adjacency matrix can be expressed as:

In the formula, Wij represents the adjacency degree between region i and j.

Standard deviational ellipse
The standard deviational ellipse is a classical algorithm that simultaneously analyses the direc-
tion and distribution of points and reflects the spatial distribution characteristics of geographic 
elements. The major axis of the ellipse indicates the direction of data distribution, while the 
minor axis represents the extent of data distribution. The greater the difference between the 
lengths of the major and minor axes, the more pronounced the directionality of the data distri-
bution. The formula is as follows:
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In the formula: xe and ye are the coordinates of the centre of the standard deviational ellipse, xi 
and yi are the centroid coordinates of each study unit, x‾ and Ӯ are the average centroid of all study 
units, n is the number of study units, θ is the azimuth angle of the standard deviational ellipse, 
xi and yi represent the coordinate deviations of each study unit’s centroid from the average cen-
troid, and óx and óy are the standard deviations of the x-axis and y-axis, respectively.

Based on the ellipse model analysis, the major semi-axis characterises the dominant trend direc-
tion of the data, while the minor semi-axis reflects the spatial diffusion range. The ellipticity 
(ratio of major to minor semi-axis) indicates the strength of directional features: a higher ellip-
ticity (ratio >1) corresponds to more pronounced directional characteristics, whereas when the 
ratio approaches one, the data exhibits isotropic distribution. A shorter minor semi-axis suggests 
enhanced centripetal clustering, whereas its elongation indicates increased dispersion.

Geodetector
The geodetector is a statistical method that explores the spatial heterogeneity of research objects 
based on data stratification and reveals the underlying driving factors [20]. It includes factor 
detection and interaction detection. The calculation formula is as follows:

In the formula, q represents the explanatory power of the influencing factor on the psoriasis 
incidence rate. The larger the q-value, the stronger the explanatory power of the indicator on the 
spatial distribution of psoriasis incidence (qd[0,1]). L is the number of categories of the influenc-
ing factor, Nh and ó2h denote the sample size and variance of the h-th category of the influencing 
factor, respectively, while N and σ2 represent the total number of study units and the variance of 
the psoriasis incidence rate, respectively. 

Selection of influencing factor parameters
The air quality index (AQI) is a quantitative measure of air quality. According to China‘s new air 
quality evaluation standards released in March 2012, the pollutant monitoring indicators include 
SO2, NO2, PM10, PM2.5, carbon monoxide (CO), and O3. Based on the graded concentration limits 
for each pollutant, the individual air quality sub-indices are calculated from measured concen-
trations of PM2.5, PM10, SO2, NO2, O3, and CO (where PM2.5 and PM10 are 24-hour average con-
centrations). The AQI is determined by selecting the maximum value from the individual AQIs 
of these pollutants.

RESULTS

Descriptive results
There were 149 744 inpatient cases diagnosed with psoriasis from 1 January 2021 to 31 December 
2023, according to the China National Centre for Quality Control of Skin and STDs. We also 
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extracted statistics of 15 533 patients who were diagnosed with psoriatic arthritis (PsA), 166 with 
psoriasis erythematous (PE), 405 with nail psoriasis (PsN), and 131 297 with psoriasis vulgaris 
(PsV).

Pearson correlation analysis
Psoriasis was positively correlated with all environmental factors, and most correlations were 
statistically significant except CO and SO2 (Figure 1, Panel A). Among these, PM10 had the high-
est correlation coefficient (r = 0.604), followed by AQI (r = 0.542).

Among the four psoriasis subtypes, PsN showed a negative correlation with all factors except 
for O3. The strongest negative correlation was also with NO2 (r = −0.562). PsV was positively cor-
related with all environmental factors, with PM10 as the most significant contributor (r = 0.629).

Pearson correlation analysis in subgroups
We stratified the 31 provinces into three layers, with development increasing from layer one to 
layer three. In layer three, which included most of the developed regions in China, including 
Beijing, Shanghai, Jiangsu, Guangdong, and Zhejiang, NO2 showed the most significant correla-
tion with psoriasis (r = 0.815) and PsV (r = 0.814) (Figure 1, Panel B)

In layer two, however, the correlation with psoriasis was led by SO2 (r = 0.714) and PM10 (r = 0.703). 
However, PsN was negatively correlated with O3 (r = −0.642) (Figure 1, Panel C). In layer one prov-
inces and autonomous regions, PM10, PM2.5, and AQI showed significant positive correlations 
with psoriasis and PsV (Figure 1, Panel D).

Figure 1. Pearson correlation analyses on the prevalence of airborne pollutants and psoriasis and its sub-
types. Panel A. Psoriasis. Panel B. PsV Panel C. PsN Panel D. PsV. *P < 0.05. AQI – air quality index, CO – 
carbon monoxide, NO2 – nitrogen dioxide, O3 – ozone, PM2.5 – fine particulate matter, PM10 – inhalable 
particulate matter, SO2 – sulphur dioxide, PE – psoriasis erythematous, PsA – psoriatic arthritis, PsN – 
nail psoriasis, PsV – psoriasis vulgaris.



Bi et al. 
PA
PE
R
S

2026  •  Vol. 16  •  01000	 6	 www.jogh.org • doi: 10.7189/jogh.16.01000

The spatial distribution characteristic of psoriasis incidence

Coexistence of regional aggregation and punctate concurrence
Based on the natural breaks method, we divided the psoriasis incidence rate into five levels (i.e. 
low, relatively low, medium, relatively high, and high). There were four provinces/municipalities 
at the high level, namely Xinjiang, Ningxia, Tianjin, and Shanghai, which were sporadically dis-
tributed among the eastern, northern, and northwestern regions (Figure 2, Panel A). Five prov-
inces/municipalities had a relatively high level, showing a relatively dispersed spatial distribu-

Figure 2. Spatial distribution and agglomeration patterns of psoriasis and its subtypes. Panel A. 
Psoriasis. Panel B. PE. Panel C. PsA. Panel D. PsN. Panel E. PsV. PE – psoriasis erythematous, PsA – pso-
riatic arthritis, PsN – nail psoriasis, PsV – psoriasis vulgaris.
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tion. Provinces with a medium level were relatively clustered, concentrated in the central and 
northern regions, and connected the high and relatively high areas. The relatively low areas were 
more concentrated, mainly distributed in the regions south of the Yangtze River. Provinces with 
low levels were distributed across relatively low areas. From the standard deviational ellipse, the 
centre of psoriasis incidence was in North China, with an overall slight east-west distribution. In 
general, the psoriasis incidence rate exhibited a distribution characteristic of regional agglomer-
ation with higher rates in the north and lower rates in the south, alongside sporadic coexistence.

Prominent spatial disparity between the north and the south
The results of global spatial autocorrelation showed that the global Moran’s I for psoriasis inci-
dence is 0.046, which is significant at the 95% confidence level, indicating the presence of spa-
tial clustering in the distribution of psoriasis incidence. Further local autocorrelation analysis 
revealed three patterns in the spatial distribution of psoriasis incidence in China: high-low clus-
tering, low-high clustering, and low-low clustering (Figure 2, Panel A). Among these, high-low 
clustering and low-high clustering were only seen near Xinjiang and Tibet, respectively, while 
low-low clustering was distributed in a clustered pattern at the junction of South China and 
Southwest China. This demonstrates a significant spatial differentiation pattern of higher pso-
riasis incidence in the north and lower incidence in the south in China.

Spatial distribution characteristics of incidence rates for psoriasis subtypes
We also classified the incidence rates of various psoriasis subtypes into five levels (low, relatively 
low, medium, relatively high, and high) using the natural breaks method.

PE type shows a northwest-southeast distribution along the second terrain step
The high-value area of PE type included only Qinghai Province (Figure 2, Panel B). The relatively 
high-value areas consisted of four regions: Xinjiang, Yunnan, Hunan, Chongqing, and Beijing. 
The medium-value areas were located between the high-value and relatively high-value areas, 
connecting them to form a clustered region. The relatively low-value areas were concentrated in 
South China, the eastern coastal regions, and North China, while the low-value areas included 
only Tibet, Jilin, Ningxia, and Tianjin, scattered sporadically. The distribution centre was located 
in the southwestern region, showing a significant shift toward the southwest compared to the 
overall distribution. The distribution was notably northwest-southeast, indicating a substan-
tial change from the overall pattern. The global autocorrelation results showed that the global 
Moran’s I for PE-type psoriasis incidence was 0.007, indicating weak spatial clustering. Further 
local spatial autocorrelation analysis showed four types of clustering for PE-type psoriasis inci-
dence: high-high, high-low, low-high, and low-low. Overall, this shows a spatial pattern of higher 
rates in the west and lower rates in the east.

PsA type exhibits a northeast-southwest spatial gradient differentiation trend
The high-value area of PsA type included only Shanghai (Figure 2, Panel C). The relatively high-
value areas were mainly distributed in Northeast China, and in Ningxia, Shanxi, Shandong, 
Jiangsu, and Zhejiang. The medium-value areas formed an inverted C-shape, isolating the low 
and relatively low-value areas from the relatively high-value areas. The relatively low-value areas 
were primarily distributed in the central and western regions, while the low-value areas were 
in the southwestern region, presenting an overall gradient differentiation pattern with higher 
rates in the northeast and lower rates in the southwest. From the standard deviational ellipse, 
the PsA type generally followed a southeast-southwest distribution. The global Moran’s I for PsA 
type was 0.093, which was significant at the 95% confidence level, indicating significant spatial 
clustering. Further local autocorrelation results (Figure 2, Panel C) revealed that the spatial clus-
tering of PsA type includes high-high, low-low, and high-low clusters. Among these, the high-high 
cluster was located in the Yangtze River Delta region, while the low-low cluster was in the south-
western region, showing an overall differentiation trend between the northeast and southwest.
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PsN type shows significant gradient differentiation along the altitude-based first, second, and 
third terrain levels
Due to China‘s terrain distribution, it is often divided into three parts from high to low: the high-
er-altitude (First Terrain Step), the lower-altitude (Third Terrain Step), and the middle-altitude 
(Second Terrain Step). PsN type had only one high-value area, located in Tibet on the first terrain 
step (Figure 2, Panel D). On the second terrain step, only Qinghai and Inner Mongolia were rela-
tively low-value areas, while the rest were medium- or high-value areas. The relatively high-value 
areas were clustered in the southwestern region, showing significant gradient differences across 
the first, second, and third terrain steps. Overall, the distribution followed a northwest-southeast 
direction, with the distribution centre located in the southwestern region. The global Moran’s I 
was 0.185, which was significant at the 99% confidence level, indicating notable spatial cluster-
ing. Local autocorrelation results showed that the spatial clustering of PsN type consisted only 
of high-high patterns. Among these, the high-high cluster was limited to Xinjiang, while the low-
low cluster was centred around Beijing, forming a block-like aggregation in North China and the 
eastern coastal regions. The disparity between higher rates in the west and lower rates in the 
east was pronounced.

Spatial distribution of PsV type highly overlaps with the overall pattern of psoriasis incidence
The high-value and low-value areas of PsV type mostly aligned with the overall distribution of 
psoriasis incidence (Figure 2, Panel E). Differences were observed in only five provinces/regions: 
Hubei and Henan were classified as relatively high-value areas, while Yunnan, Guangxi, and 
Beijing were medium-value areas. From the standard deviational ellipse, the centre of psoria-
sis incidence was in North China, with an overall slight east-west distribution. In general, the 
psoriasis incidence rate exhibited a distribution characteristic of regional agglomeration with 
higher rates in the north and lower rates in the south, alongside sporadic coexistence. The global 
spatial autocorrelation results showed that the global Moran’s I for PsV type was 0.048, which is 
significant at the 95% confidence level, indicating spatial clustering in the distribution of PsV 
type. There were three clustering patterns: high-low, low-high, and low-low. Among these, the 
high-low cluster included only Xinjiang, the low-high cluster included only Tibet, and the low-
low cluster forms a block-like distribution at the junction of South China and Southwest China. 
The spatial differentiation pattern of higher rates in the northwest and lower rates in the south-
east was prominent.

Factor detector evaluated the influence of various driving factors on the spatial differentiation 
of psoriasis and its subtypes
We used the factor detector to obtain the q-values representing the influence of various driving 
factors on the spatial differentiation of psoriasis and its subtypes and ranked them accordingly 
(Table 1).

For psoriasis, all influencing factors passed the significance test, and their explanatory power 
was ranked as: PM10>AQI>O3>NO2>PM2.5>SO2>CO, showing that PM10, AQI, and O3 were the pri-
mary factors influencing the spatial distribution differences of psoriasis. Combined with the 
positive correlation coefficients found in Pearson correlation analysis, this suggests that poorer 
environmental quality is associated with higher psoriasis incidence.

We further investigated the influence of various driving factors on the spatial differentiation of 
psoriasis subtypes.

For the PE subtypes, the ranking of factors with significant explanatory power was 
PM10>AQI>PM2.5>CO>NO2, showing that PM10, AQI, and PM2.5 were the main influencing fac-
tors for PE type. The negative correlation coefficients, however, suggested that poorer environ-
mental quality may be associated with lower PE-type incidence, indicating a complex mechanism 
of environmental factors on PE type.
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Similarly, all influencing factors showed a significant explanatory power on PsN, ranking as 
PM10>AQI>NO2>PM2.5>SO2>O3>CO. Combined with the negative correlation coefficients, this sug-
gests that poorer environmental quality is associated with lower PsN-type incidence.

However, for PsA, all influencing factors showed significant explanatory power, ranking as 
PM2.5>NO2>O3>PM10>CO>SO2>AQI, with positive correlation coefficients, indicating that poorer 
environmental quality is associated with higher PsA incidence.

For the PsV, all influencing factors passed the significance test, and their explanatory power was 
ranked as PM10>AQI>O3>PM2.5>NO2>SO2>CO, suggesting that poorer environmental quality is 
associated with higher PsV-type incidence.

Analysis of interactive detection results
Among the factors influencing psoriasis, the q-values for the interaction of SO2 with PM2.5, PM10, 
O3, and CO were relatively large and significantly higher than the individual q-values of each 
interacting factor (Figure 3, Panel A). This indicates that the spatial distribution of psoriasis is 
primarily influenced by the interaction of multiple factors, particularly the SO2.

We further investigated the effect of interaction detection across psoriasis subtypes. For the PE 
type, the interaction q-values for SO2 and PM2.5, AQI and O3, PM10 and O3, CO and AQI, as well as 
PM10 and NO2 were relatively large and significantly higher than the individual q-values of each 
single factor (Figure 3, Panel B).

Table 1. Factor detection results for psoriasis and subtypes

Total PE PsA PsN PsV
q P-value Rank q P-value Rank q P-value Rank q P-value Rank q P-value Rank

AQI 0.315 0.000 2 0.106 0.000 2 0.056 0.022 7 0.280 0.000 2 0.342 0.000 2
CO 0.109 0.000 7 0.067 0.008 4 0.068 0.008 5 0.046 0.043 7 0.102 0.000 7
NO2 0.215 0.000 4 0.044 0.051 5 0.144 0.000 2 0.256 0.000 3 0.212 0.000 5
O3 0.264 0.000 3 0.004 0.882 7 0.136 0.000 3 0.067 0.009 6 0.256 0.000 3

PM2.5 0.211 0.000 5 0.085 0.000 3 0.223 0.000 1 0.177 0.000 4 0.219 0.000 4
PM10 0.357 0.000 1 0.156 0.000 1 0.101 0.000 4 0.284 0.000 1 0.374 0.000 1
SO2 0.132 0.000 6 0.013 0.487 6 0.057 0.018 6 0.105 0.000 5 0.129 0.000 6

AQI – air quality index, CO – carbon monoxide, NO2 – nitrogen dioxide, O3 – ozone, PM2.5 – fine particulate matter, PM10 – inhalable par-
ticulate matter, SO2 – sulphur dioxide, PE – psoriasis erythematous, PsA – psoriatic arthritis, PsN – nail psoriasis, PsV – psoriasis vulgaris

Figure 3. Spatial distribution and aggregation patterns of incidence rates of four different psoriasis sub-
types. Panel A. Psoriasis. Pabel B. PE. Panel C. PsA. Panel D. PsN. Panel E. PsV. AQI – air quality index, 
CO – carbon monoxide, NO2 – nitrogen dioxide, O3 – ozone, PM2.5 – fine particulate matter, PM10 – inhal-
able particulate matter, SO2 – sulphur dioxide, PE – psoriasis erythematous, PsA – psoriatic arthritis, PsN 
– nail psoriasis, PsV – psoriasis vulgaris.
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When it came to the PsA, the interaction q-values for PM10 and O3, PM2.5 and O3, AQI and O3, SO2 
and NO2, as well as PM2.5 and NO2, were relatively large and showed stronger q-values than those 
of each single factor (Figure 3, Panel C).

For PsN, the interaction q-values for PM10 and O3, O3 and AQI, SO2 and O3, O3 and NO2, as well as 
NO2 and AQI were significantly higher than the individual q-values of each single factor (Figure 
3, Panel D).

Among the interaction effects of factors for the PsV type, the interaction q-values for SO2 and 
PM2.5, SO2 and PM10, SO2 and O3, SO2 and CO, as well as O3 and AQI were relatively large and sig-
nificantly higher than the individual q-values of each single factor (Figure 3, Panel E).

DISCUSSION
Skin is the largest organ in the human body. It is exposed to many extrinsic factors, including UV 
radiation, smoking, humidity, as well as airborne pollution, all the time [21]. Although the air-
borne pollution effects on respiratory and cardiac health and diseases have been repeatedly dis-
cussed, the potential effect of airborne pollution on skin disorders has not been comprehensively 
addressed in China [22]. Therefore, we conducted a comprehensive analysis of the relationship 
between psoriasis incidence, including its subtypes, and air pollutant levels across China from 
2021–2023. By integrating epidemiological data with high-resolution air quality measurements, 
we identified significant associations between specific air pollutants and psoriasis prevalence, as 
well as notable differences in how various psoriasis subtypes respond to environmental factors.

In our study, psoriasis and its subtypes showed both shared and distinct responses to different 
types of air pollution. For overall psoriasis incidence, PM10 (q = 0.356) and AQI (q = 0.311) emerged 
as the most influential factors, suggesting that poorer air quality is associated with higher dis-
ease prevalence. Two recent studies also supported the psoriasis-promoting effect of PM10 [23,24]. 
However, by analysing long-term follow-up data from the UK Biobank, these two studies also 
revealed that exposure to other air pollutants, such as PM2.5 and NO2, significantly increases the 
risk of psoriasis, a finding not validated in our study. It is speculated that this discrepancy may 
be due to differences in racial composition between our study population (mainly Asian) and the 
UK Biobank (94.22% were European Caucasians).

Different from PM10, AQI is a crucial and commonly used indicator that describes the overall 
quality of air, which integrates several pollutants, including PM2.5, PM10, O3, NO2, SO2, and CO 
[25]. A population-based cohort study reported an apparent dose-dependent association between 
AQI and rosacea, another inflammatory skin disorder [26]. The air with different AQI can cause 
various levels of skin thickening in mice after dissolving in water, which is a classic pathological 
manifestation of psoriasis [27]. However, we are the first to reveal a direct, robust association 
between AQI and psoriasis prevalence, suggesting that multiple pollutants may collectively con-
tribute to the increased incidence of psoriasis, with PM10 playing a particularly significant role.

Although only PM10 and AQI showed a strong connection with the heterogeneous spatial distri-
bution of psoriasis, further investigation revealed more associations between other air pollution 
indicators and psoriasis subtypes. As the most common subtype of psoriasis, PsV type mirrored 
the overall psoriasis pattern. PM10 (q = 0.374) and AQI (q = 0.342) had the highest explanatory pow-
ers, suggesting heightened sensitivity to air quality in this subtype [28]. PM2.5 (q = 0.223) and NO2 
(q = 0.144), however, exhibited strong explanatory power in PsA type, suggesting that fine PM and 
NO2 play a significant role in driving this subtype. A time-series analysis has reported that NO2 
showed significant and stable effects on the outpatient visits for psoriasis [29]. As a subtype of 
psoriasis, PsA leads to more severe pathological manifestations that extend beyond the skin to 
involve the joints, occurring in approximately 30% of patients with psoriasis [30]. With the sys-
temic inflammatory effects, NO2 has also been reported to exacerbate autoimmune arthritis [31]. 
The same effect of NO2 may also be seen in systemic inflammation in PsA.
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In the following analysis of interactive detection results, the interaction between factors showed 
significantly greater explanatory power for psoriasis and its subtypes than did each factor. The 
improved explanatory power was obvious, especially for O3 and PM2.5, as well as for AQI and SO2, 
the interaction of which showed a significantly higher explanatory power for differences in psori-
asis, PsV, and PE incidence, respectively, although the explanatory power of each factor alone was 
weak. In other studies, it has also been observed that the synergistic effects of air pollution factors 
may exhibit a stronger association with disease than individual factors alone [32]. The interac-
tive detection also reported strong explanatory power for psoriasis subtypes, with the interaction 
between SO2 or NO2 and other airborne pollutants such as CO and O3. In addition to their intrin-
sic physicochemical properties, pollutants such as NO2 and SO2 exhibit high chemical reactivity. 
Previous studies suggested that NO2-induced lipid peroxidation disrupts skin barrier function, 
while SO2-derived sulphites may alter the pH of the stratum corneum, thereby altering the local 
cutaneous microbiota [33,34]. In brief, when they come into contact with human skin from the 
air, they may undergo chemical reactions with surface moisture and lipids, thereby altering the 
pH and microbiota of the exposed skin areas, which could elevate the risk of psoriasis [35]. Given 
that various air pollutants often co-occur, results from interactive detection more closely reflect 
the real-world air pollution exposure experienced by individuals at risk of psoriasis.

Using nationwide diagnostic and air quality data, we conducted a nationwide cross-sectional 
study that revealed a connection between airborne pollutants and psoriasis prevalence. The 
impact of the environment on individual health has emerged as a research area. Other studies 
are focusing on this topic and might employ long-term follow-up data from the UK Biobank study 
or cross-sectional data, but on a smaller population scale [36]. To our knowledge, this is the first 
epidemiological study that comprehensively evaluated the effect of exposure to environmental 
pollutants on psoriasis across such vast real-world populations and diverse geographical settings. 
The large population base in China contains psoriasis patients, accounting for nearly 10% of the 
global total, which provides our study with a sufficient and geographically diverse sample of pso-
riasis cases (149 744 inpatient cases from 2021–2023). Besides, China’s vast territory and diverse 
geographical features create a vibrant natural and climatic environment, while the uneven levels 
of industrial development and environmental governance measures result in significant varia-
tions in airborne pollutant levels across its provinces [37–40]. These factors collectively provide 
our study with unique advantages and enhance the credibility [41].

For the methodological design, our study employed Geodetector based on its unique advantages 
in the geographical detector model. This technique effectively dissects the independent contribu-
tions of multi-scale environmental exposures and identifies nonlinear synergistic effects through 
geographical spatial heterogeneity detection and interaction analysis, making it particularly suit-
able for risk factor screening in exploratory research. Compared to spatial regression models that 
rely on assumptions of data distribution and linear relationships, or Bayesian hierarchical models 
that are sensitive to prior distributions, Geodetector quantifies explanatory power (q-value) and 
interaction types without requiring predefined model structures, which aligns better with our 
research objective of revealing spatial association patterns between air pollution and psoriasis.

However, our study has some limitations. First, the data we used were based on the number of 
inpatients with psoriasis and did not include outpatient cases, which may reduce the data's rep-
resentativeness. We still need studies that incorporate multicentre cohort designs to complement 
and validate our findings through causal inference in the future. Additionally, we did not per-
form time-series or seasonal analyses, which could have enhanced the robustness of this study. 
In addition, we did not employ the data at more granular levels; a supplementary analysis could 
provide more information on this topic.

We established a comprehensive nationwide cross-sectional investigation integrating environ-
mental exposure and dermatological epidemiological data. The underlying link between air-
borne pollutants and psoriasis or other cutaneous diseases worldwide could be investigated in 
the future.
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CONCLUSIONS
We identified airborne pollutants with significant connections to psoriasis incidence in China, 
with distinct patterns observed across subtypes. We investigated the spatial pattern of airborne 
pollutants and psoriasis prevalence in a country characterised by geographic heterogeneity, 
demographic complexity, climatic diversity, and uneven industrialisation. Our findings under-
score the pivotal role of mitigating airborne pollutants in curbing psoriasis incidence, advocat-
ing the integration of environmental exposure screening into clinical management protocols for 
psoriasis patients.

Ethics statement: The data in this study contained the number of psoriasis inpatients from each province, autono-
mous region, and municipality from 2021–2023. All data were anonymous, patient-harmless and did not involve any 
commercial interests. Therefore, our methods met all the requirements for exemption from ethical review approval 
under the Ethical Review Measures for Human Life Sciences and Medical Research, jointly issued by the China Nation-
al Health Commission, the Ministry of Education, the Ministry of Science and Technology, and the National Adminis-
tration of Traditional Chinese Medicine.
Data availability: The data are available upon reasonable request from the corresponding authors.
Funding: The discipline construction project of Peking Union Medical College (201920102303), the Project of Integrated 
Traditional Chinese Medicine Collaboration "Flagship" Department Development (2024-ZX-019), China-Japan Friendship 
Hospital Youth Science and Technology Excellence Project (ZRJY2023-GG14), the Outstanding Youth Project of Natural 
Science Foundation of Anhui Province (2208085Y25), the China National Key R&D Program of China (2022YFC3602002), 
and the National High-Level Hospital Clinical Research Funding (2022-NHLHCRF-LX-02-03) supported this study.
Authorship contributions: LB and JY were responsible for conceptualisation, data curation, and writing the original 
draft. ZW, ZX, and ZZ contributed to methodology and software development. LB, XH and HO carried out the investi-
gation. KC, XH, and HZ validated and visualised the results. YS and YC acquired the resources, supervised the project, 
and reviewed and edited the manuscript.
Disclosure of interest: The authors completed the ICMJE Disclosure of Interest Form (available upon request from the 
corresponding author) and disclose no relevant interests.
Additional material
Online Supplementary Document

 1 Boehncke WH, Schön MP. Psoriasis. Lancet. 2015;386:983–94. Medline:26025581 doi:10.1016/S0140-
6736(14)61909-7

 2 Lwin SM, Azrielant S, He J, Griffiths CEM. Curing Psoriasis. J Invest Dermatol. 2024;144:2645–2649. 
Medline:39436345 doi:10.1016/j.jid.2024.09.012

 3 Griffiths CEM, Armstrong AW, Gudjonsson JE, Barker J. Psoriasis. Lancet. 2021;397:1301–15. Medline:33812489 
doi:10.1016/S0140-6736(20)32549-6

 4 Mou Y, Li F, Xu Y, Jin X, Dong S, Xia J. Global trends in the incidence of psoriasis from 1990 to 2019. Eur J 
Dermatol. 2022;32:207–13. Medline:35866913 doi:10.1684/ejd.2022.4245

 5 Ding X, Wang T, Shen Y, Wang X, Zhou C, Tian S, et al. Prevalence of psoriasis in China: a population-based 
study in six cities. Eur J Dermatol. 2012;22:663–7. Medline:22910173 doi:10.1684/ejd.2012.1802

 6 Wang T, Xia Y, Zhang X, Qiao N, Ke S, Fang Q, et al. Short-term effects of air pollutants on outpatients 
with psoriasis in a Chinese city with a subtropical monsoon climate. Front Public Health. 2022;10:1071263. 
Medline:36620227 doi:10.3389/fpubh.2022.1071263

 7 Chandran V, Raychaudhuri SP. Geoepidemiology and environmental factors of psoriasis and psoriatic arthri-
tis. J Autoimmun. 2010;34:J314–21. Medline:20034760 doi:10.1016/j.jaut.2009.12.001

 8 Belzer A, Parker ER. Climate Change, Skin Health, and Dermatologic Disease: A Guide for the Dermatologist. 
Am J Clin Dermatol. 2023;24:577–93. Medline:37336870 doi:10.1007/s40257-023-00770-y

 9 Joly-Chevrier M, Coupal L, Sauvageau LC, Movahedi M, Choquette D. A Real-World Analysis of Weather 
Variation on Disease Activity and Patient-Reported Outcomes in Psoriatic Arthritis. J Rheumatol. 2025;52:33–7. 
Medline:39278660

10 Engebretsen KA, Johansen JD, Kezic S, Linneberg A, Thyssen JP. The effect of environmental humidity 
and temperature on skin barrier function and dermatitis. J Eur Acad Dermatol Venereol. 2016;30:223–49. 
Medline:26449379 doi:10.1111/jdv.13301

R
EF
ER

EN
CE
S

https://jogh.org/documents/2026/jogh-16-04010-s001.pdf
https://pubmed.ncbi.nlm.nih.gov/26025581
https://doi.org/10.1016/S0140-6736(14)61909-7
https://doi.org/10.1016/S0140-6736(14)61909-7
https://pubmed.ncbi.nlm.nih.gov/39436345
https://pubmed.ncbi.nlm.nih.gov/39436345
https://doi.org/10.1016/j.jid.2024.09.012
https://pubmed.ncbi.nlm.nih.gov/33812489
https://doi.org/10.1016/S0140-6736(20)32549-6
https://pubmed.ncbi.nlm.nih.gov/35866913
https://doi.org/10.1684/ejd.2022.4245
https://pubmed.ncbi.nlm.nih.gov/22910173
https://doi.org/10.1684/ejd.2012.1802
https://pubmed.ncbi.nlm.nih.gov/36620227
https://pubmed.ncbi.nlm.nih.gov/36620227
https://doi.org/10.3389/fpubh.2022.1071263
https://pubmed.ncbi.nlm.nih.gov/20034760
https://doi.org/10.1016/j.jaut.2009.12.001
https://pubmed.ncbi.nlm.nih.gov/37336870
https://doi.org/10.1007/s40257-023-00770-y
https://pubmed.ncbi.nlm.nih.gov/39278660
https://pubmed.ncbi.nlm.nih.gov/39278660
https://pubmed.ncbi.nlm.nih.gov/26449379
https://pubmed.ncbi.nlm.nih.gov/26449379
https://doi.org/10.1111/jdv.13301


Ambient air pollution and psoriasis in China

PA
PE
R
S

www.jogh.org • doi: 10.7189/jogh.16.01000	 13	 2026  •  Vol. 16  •  01000

11 Lane H, Walker M. The Impact of Temperature, Humidity, and Sunshine on Internet Search Volumes Related 
to Psoriasis. JMIR Dermatol. 2023;6:e49901. Medline:37856189 doi:10.2196/49901

12 Niedźwiedź M, Skibińska M, Ciążyńska M, Noweta M, Czerwińska A, Krzyścin J, et al. Psoriasis and Seasonality: 
Exploring the Genetic and Epigenetic Interactions. Int J Mol Sci. 2024;25:11670. Medline:39519223 doi:10.3390/
ijms252111670

13 Chen Z, Zhang L, Ai T, Fan Y, Liu Y, Wang L, et al. Air Pollution and Childhood Asthma Hospitalizations in 
Chengdu, China: A Time-Series Study. J Asthma Allergy. 2025;18:229–43. Medline:39990055 doi:10.2147/JAA.
S498234

14 Eguiluz-Gracia I, Mathioudakis AG, Bartel S, Vijverberg SJH, Fuertes E, Comberiati P, et al. The need for clean 
air: The way air pollution and climate change affect allergic rhinitis and asthma. Allergy. 2020;75:2170–84. 
Medline:31916265 doi:10.1111/all.14177

15 Bhatnagar A. Cardiovascular Effects of Particulate Air Pollution. Annu Rev Med. 2022;73:393–406. 
Medline:34644154 doi:10.1146/annurev-med-042220-011549

16 Bade KJ, Mueller KT, Sparks JA. Air Pollution and Rheumatoid Arthritis Risk and Progression: Implications for 
the Mucosal Origins Hypothesis and Climate Change for RA Pathogenesis. Curr Rheumatol Rep. 2024;26:343–
53.Medline:39093508 doi:10.1007/s11926-024-01160-x

17 Ferrara F, Prieux R, Woodby B, Valacchi G. Inflammasome Activation in Pollution-Induced Skin Conditions. 
Plast Reconstr Surg. 2021;147:15S–24S. Medline:33347070 doi:10.1097/PRS.0000000000007617

18 Preedalikit W, Chittasupho C, Leelapornpisid P, Duangnin N, Kiattisin K. Potential of Coffee Cherry Pulp Extract 
against Polycyclic Aromatic Hydrocarbons in Air Pollution Induced Inflammation and Oxidative Stress for 
Topical Applications. Int J Mol Sci. 2024;25:9416. Medline:39273362 doi:10.3390/ijms25179416

19 National Survey Research Center. Research Projects. 2021. Available: https://nsrc.ruc.edu.cn/Home/index.htm. 
Accessed: 26 November 2025.

20 Wang J, Haining R, Zhang T, Xu C, Hu M, Yin Q, et al. Statistical Modeling of Spatially Stratified Heterogeneous 
Data. Ann Am Assoc Geogr. 2024;114:499–519. doi:10.1080/24694452.2023.2289982

21 Flores-Balderas X, Peña-Peña M, Rada KM, Alvarez-Alvarez YQ, Guzmán-Martín CA, Sánchez-Gloria JL, et al. 
Beneficial Effects of Plant-Based Diets on Skin Health and Inflammatory Skin Diseases. Nutrients. 2023;15:2842. 
Medline:37447169 doi:10.3390/nu15132842

22 Araviiskaia E, Berardesca E, Bieber T, Gontijo G, Sanchez Viera M, Marrot L, et al. The impact of airborne pol-
lution on skin. J Eur Acad Dermatol Venereol. 2019;33:1496–505. Medline:30897234 doi:10.1111/jdv.15583

23 Xiong Y, Xia Y, Zhang X, Jiang B, Zhang Z, Xie C, et al. Joint exposure to multiple air pollutants, genetic risk 
and incident psoriasis: a large-scale prospective cohort study. Br J Dermatol. 2025;192:420–9. Medline:39395185 
doi:10.1093/bjd/ljae391

24 Wu J, Ma Y, Yang J, Tian Y. Exposure to Air Pollution, Genetic Susceptibility, and Psoriasis Risk in the UK. JAMA 
Netw Open. 2024;7:e2421665. Medline:39012635 doi:10.1001/jamanetworkopen.2024.21665

25 Du X, Chen R, Meng X, Liu C, Niu Y, Wang W, et al. The establishment of National Air Quality Health Index in 
China. Environ Int. 2020;138:105594. Medline:32142914 doi:10.1016/j.envint.2020.105594

26 Ma SH, Wu CY, Li MC, Ho HJ, Ao CK, Wu CY. Association between Air Quality Index and the risk of rosacea: a 
nationwide population-based cohort study. Clin Exp Dermatol. 2024;50:69–76. Medline:39067059 doi:10.1093/
ced/llae291

27 Chiu CT, Chou FP, Yu TS. Shielding response of rodent skin to water soluble ambient air pollutants. J Environ Sci 
Health A Tox Hazard Subst Environ Eng. 2020;55:820–6. Medline:32452236 doi:10.1080/10934529.2020.1744989

28 Hu P, Wang M, Gao H, Zheng A, Li J, Mu D, et al. The Role of Helper T Cells in Psoriasis. Front Immunol. 
2021;12:788940. Medline:34975883 doi:10.3389/fimmu.2021.788940

29 Lan J, Huang Q, Yang L, Li Y, Yang J, Jiang B, et al. Effects of ambient air pollution on outpatient visits for pso-
riasis in Wuhan, China: a time-series analysis. Br J Dermatol. 2023;188:491–8. Medline:36641781 doi:10.1093/
bjd/ljac124

30 Azuaga AB, Ramírez J, Cañete JD. Psoriatic Arthritis: Pathogenesis and Targeted Therapies. Int J Mol Sci. 
2023;24:4901. Medline:36902329 doi:10.3390/ijms24054901

31 Qian J, Zhu J, Wang Y, Dai R, Miao J, Yang Y, et al. Associations and potential epigenetic changes between air 
pollution and osteoarthritis risk and survival: Insights from a prospective cohort study. Ecotoxicol Environ Saf. 
2025;290:117770. Medline:39847883 doi:10.1016/j.ecoenv.2025.117770

32 Xu J, Shi Y, Chen G, Guo Y, Tang W, Wu C, et al. Joint Effects of Long-Term Exposure to Ambient Fine Particulate 
Matter and Ozone on Asthmatic Symptoms: Prospective Cohort Study. JMIR Public Health Surveill. 2023;9:e47403. 
Medline:37535415 doi:10.2196/47403

R
EF
ER

EN
CE
S

https://pubmed.ncbi.nlm.nih.gov/37856189
https://doi.org/10.2196/49901
https://pubmed.ncbi.nlm.nih.gov/39519223
https://doi.org/10.3390/ijms252111670
https://doi.org/10.3390/ijms252111670
https://pubmed.ncbi.nlm.nih.gov/39990055
https://doi.org/10.2147/JAA.S498234
https://doi.org/10.2147/JAA.S498234
https://pubmed.ncbi.nlm.nih.gov/31916265
https://pubmed.ncbi.nlm.nih.gov/31916265
https://doi.org/10.1111/all.14177
https://pubmed.ncbi.nlm.nih.gov/34644154
https://pubmed.ncbi.nlm.nih.gov/34644154
https://doi.org/10.1146/annurev-med-042220-011549
https://pubmed.ncbi.nlm.nih.gov/39093508
https://doi.org/10.1007/s11926-024-01160-x
https://pubmed.ncbi.nlm.nih.gov/33347070
https://doi.org/10.1097/PRS.0000000000007617
https://pubmed.ncbi.nlm.nih.gov/39273362
https://doi.org/10.3390/ijms25179416
https://doi.org/10.1080/24694452.2023.2289982
https://pubmed.ncbi.nlm.nih.gov/37447169
https://pubmed.ncbi.nlm.nih.gov/37447169
https://doi.org/10.3390/nu15132842
https://pubmed.ncbi.nlm.nih.gov/30897234
https://doi.org/10.1111/jdv.15583
https://pubmed.ncbi.nlm.nih.gov/39395185
https://doi.org/10.1093/bjd/ljae391
https://pubmed.ncbi.nlm.nih.gov/39012635
https://doi.org/10.1001/jamanetworkopen.2024.21665
https://pubmed.ncbi.nlm.nih.gov/32142914
https://doi.org/10.1016/j.envint.2020.105594
https://pubmed.ncbi.nlm.nih.gov/39067059
https://doi.org/10.1093/ced/llae291
https://doi.org/10.1093/ced/llae291
https://pubmed.ncbi.nlm.nih.gov/32452236
https://doi.org/10.1080/10934529.2020.1744989
https://pubmed.ncbi.nlm.nih.gov/34975883
https://doi.org/10.3389/fimmu.2021.788940
https://pubmed.ncbi.nlm.nih.gov/36641781
https://doi.org/10.1093/bjd/ljac124
https://doi.org/10.1093/bjd/ljac124
https://pubmed.ncbi.nlm.nih.gov/36902329
https://doi.org/10.3390/ijms24054901
https://pubmed.ncbi.nlm.nih.gov/39847883
https://doi.org/10.1016/j.ecoenv.2025.117770
https://pubmed.ncbi.nlm.nih.gov/37535415
https://pubmed.ncbi.nlm.nih.gov/37535415
https://doi.org/10.2196/47403


Bi et al. 
PA
PE
R
S

2026  •  Vol. 16  •  01000	 14	 www.jogh.org • doi: 10.7189/jogh.16.01000

33 Mirvish SS, Babcook DM, Deshpande AD, Nagel DL. Identification of cholesterol as a mouse skin lipid that 
reacts with nitrogen dioxide to yield a nitrosating agent, and of cholesteryl nitrite as the nitrosating agent pro-
duced in a chemical system from cholesterol. Cancer Lett. 1986;31:97–104. Medline:3697956 doi:10.1016/0304-
3835(86)90171-0

34 Pan Z, Dai Y, Akar-Ghibril N, Simpson J, Ren H, Zhang L, et al. Impact of Air Pollution on Atopic Dermatitis: 
A Comprehensive Review. Clin Rev Allergy Immunol. 2023;65:121–35. Medline:36853525 doi:10.1007/s12016-
022-08957-7

35 Gough P, Zeldin J, Myles IA. Assessing microbial manipulation and environmental pollutants in the pathogen-
esis of psoriasis. Front Immunol. 2022;13:1094376. Medline:36605199 doi:10.3389/fimmu.2022.1094376

36 Allen NE, Lacey B, Lawlor DA, Pell JP, Gallacher J, Smeeth L, et al. Prospective study design and data analysis 
in UK Biobank. Sci Transl Med. 2024;16:eadf4428. Medline:38198570 doi:10.1126/scitranslmed.adf4428

37 Li K, Cai B, Wang Z. Accessing the Climate Change Impacts in China through a Literature Mapping. Int J Environ 
Res Public Health. 2022;19:13411. Medline:36293988 doi:10.3390/ijerph192013411

38 Zhou Y, Gu S, Yang H, Li Y, Zhao Y, Li Y, et al. Spatiotemporal variation in heatwaves and elderly population expo-
sure across China. Sci Total Environ. 2024;917:170245. Medline:38278263 doi:10.1016/j.scitotenv.2024.170245

39 Liu X, Xin Y. Exploring the characteristics and driving factors of coupling coordination of regional sus-
tainable development: evidence from China’s 31 provinces. Environ Sci Pollut Res Int. 2022;29:71075–99. 
Medline:35595888 doi:10.1007/s11356-022-20792-z

40 Yang B, Bai Z, Wang J. Spatiotemporal dynamic differences of energy-related CO(2) emissions and the related 
driven factors in six regions of China during two decades. Environ Sci Pollut Res Int. 2022;29:24737–56. 
Medline:34826069 doi:10.1007/s11356-021-17482-7

41 Abdulla MA, Ahmed I, Assawamakin A, Bhak J, Brahmachari SK, Calacal GC, et al. Mapping human genetic 
diversity in Asia. Science. 2009;326:1541–5. Medline:20007900 doi:10.1126/science.1177074

R
EF
ER

EN
CE
S

https://pubmed.ncbi.nlm.nih.gov/3697956
https://doi.org/10.1016/0304-3835(86)90171-0
https://doi.org/10.1016/0304-3835(86)90171-0
https://pubmed.ncbi.nlm.nih.gov/36853525
https://doi.org/10.1007/s12016-022-08957-7
https://doi.org/10.1007/s12016-022-08957-7
https://pubmed.ncbi.nlm.nih.gov/36605199
https://doi.org/10.3389/fimmu.2022.1094376
https://pubmed.ncbi.nlm.nih.gov/38198570
https://doi.org/10.1126/scitranslmed.adf4428
https://pubmed.ncbi.nlm.nih.gov/36293988
https://doi.org/10.3390/ijerph192013411
https://pubmed.ncbi.nlm.nih.gov/38278263
https://doi.org/10.1016/j.scitotenv.2024.170245
https://pubmed.ncbi.nlm.nih.gov/35595888
https://pubmed.ncbi.nlm.nih.gov/35595888
https://doi.org/10.1007/s11356-022-20792-z
https://pubmed.ncbi.nlm.nih.gov/34826069
https://pubmed.ncbi.nlm.nih.gov/34826069
https://doi.org/10.1007/s11356-021-17482-7
https://pubmed.ncbi.nlm.nih.gov/20007900
https://doi.org/10.1126/science.1177074

