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A B S T R A C T

Several studies have explored the short-term effects of environmental stressors on coronavirus disease 2019 
(COVID-19) transmission and severity. However, evidence on the interactive effects of meteorological conditions 
and air pollution remains limited and geographically variable. We therefore aimed to quantify the independent 
and interactive effects of short-term exposure to humidex, a composite index of temperature and relative hu
midity, and fine particulate matter ≤ 2.5 μm (PM2.5) on daily COVID-19 incidence across multiple cities and in 
multiple countries. Daily time-series data on confirmed COVID-19 cases, meteorological factors, and PM2.5 
concentrations were collected from 439 cities in 22 countries during January 2020–August 2022 as part of the 
Multi-Country Multi-City Collaborative Research Network. A two-stage design was applied: first, city-specific 
quasi-Poisson models with distributed lag non-linear models estimated exposure–response associations; sec
ond, multilevel random-effects meta-analyses pooled city-specific estimates. Effect modification by PM2.5 was 
assessed using a product term between non-linear humidex function and linear PM2.5 function. Approximately 
95.1 million confirmed COVID-19 cases were analyzed. Lower humidex values (0.1 ◦C versus 15.1 ◦C) were 
associated with increased daily cases (relative risk [RR]: 1.1192, 95% confidence interval [CI]: 1.0214–1.2262). 
A 10 μg/m3 increase in PM2.5 over the current and preceding 2 days was associated with a modest increase in 
daily cases (RR: 1.0079, 95% CI: 1.0001–1.0161). No statistically significant interaction between humidex and 
PM2.5 was observed. Short-term exposure to cold–dry conditions and elevated PM2.5 independently increased 
COVID-19 incidence, highlighting the need to consider both thermal environment and air quality when designing 
climate-resilient public health responses. These findings enhance understanding of how climate-related envi
ronmental stressors influence COVID-19 transmission.

1. 1 Introduction

Since the initial report of a cluster outbreak of severe acute respi
ratory syndrome coronavirus 2 (SARS-CoV-2) in Wuhan, China in 
December 2019, coronavirus disease 2019 (COVID-19) has remained a 
major public health concern(Heymann and Shindo, 2020; Oshitani, 
2022). Despite more than 5 years passing and the disease transitioning 
toward endemicity, it continues to cause substantial morbidity, mor
tality, and economic burdens worldwide (Chakraborty et al., 2025; 
Spinner et al., 2025). In response to the emergence and rapid spread of 
novel variants with varying transmissibility, such as delta and Omicron, 
a wide range of non-pharmaceutical interventions (NPIs) and mass 
vaccination programs have been implemented globally (Ge et al., 2022). 
By the end of 2024, World Health Organization reported more than 770 
million confirmed COVID-19 cases and over 7 million deaths across 234 
countries (World Health Organization, 2025). These figures highlight 
the urgent need to understand the factors driving SARS-CoV-2 trans
mission to mitigate its impact and reduce the strain on governments and 
healthcare systems. At the same time, the pandemic and related 

containment measures have themselves altered environmental condi
tions, with widespread lockdowns temporarily reducing ambient air 
pollution, reshaping economic activities, and raising concerns about the 
broader environmental and societal consequences of COVID-19 
(Gautam, 2020; Gautam and Hens, 2020; Bherwani et al., 2020, 2021).

The relationship between ambient meteorological factors and 
COVID-19 transmission dynamics remains a key focus of research and 
debate (Ford et al., 2022). Numerous studies have consistently indicated 
that temperature and humidity (both relative and absolute) are critical 
determinants that influence not only the survival and transmission of 
SARS‑CoV‑2 but also individual susceptibility, immune responses, and 
human behavior (Chong et al., 2024; Feurer et al., 2024; Ma et al., 2021; 
Nottmeyer et al., 2023; Sera et al., 2021; Wang et al., 2023; Xu et al., 
2021). An early systematic review, published in 2020, which evaluated 
61 studies on the association between COVID‑19 and meteorological 
conditions and reported that low temperature and low humidity were 
linked to an increased risk of COVID‑19 (Briz-Redón and Serrano-Aroca, 
2020). These findings have been further corroborated by a recent global 
time‑series analysis examining the association between meteorological 
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factors and COVID‑19 incidence across 439 cities in 22 countries 
through the summer of 2022 (Feurer et al., 2024). Most epidemiological 
studies examining thermal stress and COVID-19 transmission have relied 
on temperature as the primary exposure metric. However, composite 
thermal indices that combine multiple meteorological factors may more 
accurately characterize the operative thermal environment (McGregor, 
2012a). A variety of such indices have been developed to synthesize 
environmental determinants of thermal stress including temperature, 
humidity, wind speed, atmospheric pressure, and solar radiation into a 
single measure. For example, the heat index which combines air tem
perature and relative humidity to represent perceived temperature, is 
straightforward to compute and aligns well with thermal under mod
erate conditions. However, its validity deteriorates under conditions of 
extreme cold or very low humidity (McGregor, 2012b; Urban et al., 
2021; Xu et al., 2025). Therefore, more advanced thermal indices based 
on the human heat balance equation have been developed (Urban et al., 
2021). The wet-bulb globe temperature (WBGT) integrates multiple 
meteorological variables to provide a comprehensive measure of heat 
stress. However, its calculation is relatively complex and accounts only 
minimally for inter-individual variability (Cheuvront et al., 2015; Urban 
et al., 2021; Xu et al., 2025). Composite indices that capture both heat 
and cold stresses such as the universal thermal climate index (UTCI) 
incorporate a broad range of environmental factors and offer a dynamic 
representation of real-world thermal conditions, though their compu
tation typically requires detailed input data (McGregor, 2012a). In 
recent decades, to better understand the combined effects of tempera
ture and humidity on infectious diseases such as influenza, hand, foot, 
and mouth disease (HFMD), tuberculosis, and bacillary dysentery, 
several studies have increasingly employed humidex, a composite index 
that integrates both variables (Fan et al., 2020; Gao et al., 2025; Li et al., 
2024; Zhao et al., 2021). In general, the thermal perception at a given 
temperature varies markedly with humidity, and an index that jointly 
incorporates temperature and humidity can better capture human 
discomfort than either variable in isolation. Compared with other 
complex composite indices, humidex does not require sophisticated 
measuring tools and is easier to calculate. This makes it broadly appli
cable for assessing of real-world thermal conditions in both cold and hot 
environments. However, evidence on the short‑term effect of humidex 
on COVID‑19 incidence remains limited with few studies addressing this 
relationship.

Although systematic evidence is limited, short-term exposure to 
ambient air pollutants may influence COVID-19 morbidity and mortality 
rates. Similar patterns have been reported for other infectious diseases 
including influenza, HFMD, and tuberculosis, where short-term fluctu
ations in air pollution were linked to changes in incidence (Li et al., 
2019; Rittweger et al., 2022; Zhan et al., 2023; R. Zhang et al., 2023). A 
time‑series study conducted in early 2020 across 120 Chinese cities 
found that air pollutants, fine particulate matter ≤ 2.5  µm (PM2.5), fine 
particulate matter ≤ 10  µm (PM10), carbon monoxide (CO), nitrogen 
dioxide (NO2), and ozone (O3), were associated with an increased risk of 
COVID‑19 infection (Zhu et al., 2020). In the United States, ecological 
studies reported that counties with higher long-term PM2.5 exposure had 
elevated COVID–19 mortality rates (X. Wu et al., 2020), a finding sup
ported by a large-scale population-based study of more than four million 
cases in Italy (Stafoggia et al., 2023). An individual-level case-crossover 
study in the United States further demonstrated that short-term expo
sure to PM2.5 increased the risk of COVID-19 mortality (Kim et al., 
2022). Recent systematic reviews and meta-analyses have consistently 
confirmed significant associations between short-term exposure to 
PM2.5, PM10, and NO2 and higher COVID–19 mortality (Yu et al., 2024). 
Additionally, ecological analyses from Asian settings suggest that 
elevated air pollution may aggravate COVID-19 lethality, further sup
porting a potential association between particulate matter exposure and 
adverse clinical outcomes (Gupta et al., 2021). Moreover, air pollution 
may modulate the health effects of meteorological factors not only 
through direct physiological impacts, but also by increasing population 

vulnerability (Rai et al., 2023). However, evidence specifically exam
ining the modifying effects of air pollutants on the relationship between 
meteorological factors and COVID–19 incidence remain limited.

Although numerous epidemiological studies have examined associ
ations between meteorological factors, air pollution, and COVID-19 
incidence, most have focused on their independent effects, with rela
tively few exploring potential interactions or considering composite 
thermal indices. Additionally, many studies have not accounted for non- 
linear or lagged relationships between exposure and health outcomes, 
lacked adjustment for time-varying or location-specific confounders, 
and were limited by short observation periods or geographically 
restricted data sets factors that constrain the generalizability of their 
findings. Consequently, significant evidence gaps remain regarding the 
interactive effects of meteorological factors and PM2.5 on COVID-19 
incidence across diverse climatic and socioeconomic contexts. To 
address these gaps, we conducted a multi-location time-series study 
using an extensive dataset from 439 cities across 22 countries, compiled 
by the Multi-Country Multi-City (MCC) Collaborative Research 
Network, an international consortium generating global evidence envi
ronmental stressors, climate, and health (Gasparrini et al., 2024). This 
study applied city-level time-series models to systematically investigate 
both the independent and interactive effects of humidex and PM2.5 on 
COVID-19 incidence worldwide. Humidex itself is a long-established 
composite index of temperature and relative humidity; here we extend 
its use to a large multi-country analysis of COVID-19 jointly with air 
pollution. To the best of our knowledge, this is the first global analysis to 
quantify these short-term effects and their potential interaction across 
diverse settings worldwide. Our findings provide additional insights into 
the health impacts of co-exposure to humidex and air pollution, which 
can inform the environmental component of early warning and sur
veillance frameworks for COVID-19 and other respiratory infections, 
even as the pandemic evolves toward endemicity.

2. Materials and methods

2.1. Study design and data collection

Daily time-series data on confirmed COVID-19 cases, meteorological 
factors, and PM2.5 concentrations were obtained for 439 cities across 22 
countries. For each city, we used the daily number of confirmed COVID- 
19 cases as reported in the corresponding national or regional surveil
lance system, typically based on the date of report or notification, rather 
than the date of infection. These data were sourced from publicly 
accessible repositories and supplemented with datasets provided by the 
MCC Collaborative Research Network (Gasparrini et al., 2024). The 
MCC database has been widely used to evaluate associations between 
meteorological factors and COVID-19 incidence (Feurer et al., 2024; 
Nottmeyer et al., 2023; Sera et al., 2021). Specifically, daily case data 
were initially compiled for 458 cities across 22 countries between 
January 1, 2020, and August 31, 2022, as previously described (Feurer 
et al., 2024). For this study, we restricted the analysis to MCC cities with 
complete indicator datasets and excluded those with > 5% missing data 
or unexplained anomalies after visual inspection. The final dataset 
comprised 439 cities in 22 countries. Details of the cities and data 
sources are provided in Table S1.

We obtained hourly ambient meteorological data, including air 
temperature (◦C), relative humidity (%), total precipitation (mm), and 
ultraviolet radiation (J/m2), from the ERA5-Land reanalysis dataset, 
developed by the European Center for Medium-Range Weather Fore
casts and accessible via the Copernicus Climate Data Store (https://cds. 
climate.copernicus.eu/datasets/reanalysis-era5-single-levels? 
tab=overview)(Feurer et al., 2024; Nottmeyer et al., 2023). This dataset 
provides global coverage at a spatial resolution of 0.1◦ × 0.1◦

(approximately 11 km × 11 km at the equator). For each of the 439 cities 
included in the analysis, daily averages of the mean temperature, dew 
point temperature (measured 2 m above ground level), total 
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precipitation, and ultraviolet radiation were derived from the grid cell 
corresponding to the city’s geographical centroid. Relative humidity 
was then calculated from air temperature and dew point temperature 
using the “humidity” R package.

To represent the combined effects of temperature and atmospheric 
moisture perceived by humans, we calculated the daily humidity, an 
index developed by Canadian meteorologists that integrates tempera
ture and relative humidity into a single value (d’Ambrosio Alfano et al., 
2011; Gao et al., 2025). The daily time-series of humidex (◦C) was 
computed using the following formula: 

Humidex = T +
5
9
×

⎧
⎪⎨

⎪⎩
6.11 × 10

(
7.5×T
237+T

)

×
RH
100

− 10

⎫
⎪⎬

⎪⎭
(1) 

where T denotes the daily mean temperature and RH represents the 
daily relative humidity.

Daily surface-level PM2.5 concentrations (µg/m3) for all 439 cities 
were extracted from a global dataset developed using a deep ensemble 
machine learning framework, as previously described (W. Yu et al., 
2024b; Yu et al., 2023, 2022). The dataset provides daily estimates at a 
spatial resolution of 0.1◦ × 0.1◦ (approximately 11 × 11 km at the 
equator) derived from ground-based observations collected at 5,446 
monitoring sites across 65 countries between 2000 and 2019. The model 
demonstrated strong predictive performance, with daily PM2.5 estimates 
showing high agreement with ground measurements (cross-validation 
R2 = 0.91; root-mean-square error of 7.86 µg/m3) in independent vali
dation data.

We also accounted for potential confounders that could influence the 
association between environmental exposure and COVID-19 incidence 
(Feurer et al., 2024; Nottmeyer et al., 2023). To capture temporal 
variation in public health and social measures (PHSMs), we obtained the 
Government Stringency Index (GSI) from the Oxford COVID-19 Gov
ernment Response Tracker (OxCGRT) at the country level　(https 
://www.bsg.ox.ac.uk/research/covid-19-government-response-tracker) 
(Feurer et al., 2024; Nottmeyer et al., 2023). The GSI is a composite 
indicator ranging from 0 (no restrictions) to 100 (maximum stringency), 
incorporating daily updates on government policies, such as school and 
workplace closures, mobility restrictions, economic support, and testing 
strategies. To account for changes in population immunity over time, we 
extracted daily country-level vaccination data from the World Database 
(https://ourworldindata.org) (Feurer et al., 2024). The vaccination 
variable was defined as the proportion of individuals fully vaccinated, i. 
e., those who had completed the primary vaccination regimen (typically 
one or two doses, depending on the vaccine type). These values were 
expressed as the ratio of fully vaccinated individuals to the total national 
population. As all data used in this study were aggregated, anonymized, 
and derived from publicly accessible sources and the MCC Collaborative 
Research Network, ethical approval was not required.

2.2. Statistical analysis

2.2.1. Descriptive analysis
Descriptive statistics were compiled at both country and city levels. 

At the country level, we summarized the number of cities included, 
cumulative confirmed COVID-19 cases, and the daily mean and range of 
environmental exposures, including humidex, PM2.5 concentrations, 
total precipitation, ultraviolet solar radiation, OxCGRT GSI, and vacci
nation coverage. The same variables were summarized at the city level 
to capture within-country variation.

2.2.2. Two-stage time-series design
We adopted an extended two-stage design, commonly applied in 

previous multi-center time-series studies (Sera and Gasparrini, 2022). In 
the first stage, we used city-specific time-series regression models with 
the daily number of newly confirmed COVID-19 cases in each city as the 

outcome and humidex and PM2.5 concentrations as the main exposures, 
while accounting for time-varying confounders. In the second stage, 
multivariate meta-regression was used to pool the city-specific estimates 
and derive the overall exposure–lag–response association curve. 
Modelling choices were pre-followed based on previous MCC studies 
using an overlapping dataset and applied identically to all cities to 
enhance reproducibility (Feurer et al., 2024; Nottmeyer et al., 2023; 
Sera et al., 2021).

In the first stage, we fitted city-specific main models including both 
environmental stressors, i.e., humidex and PM2.5. Specifically, we used a 
generalized linear model with a quasi-Poisson distribution and a loga
rithmic link to account for overdispersion, incorporating a distributed 
lag non-linear model (DLNM) to simultaneously capture non-linear 
exposure–response relationships and the lagged effects (Gasparrini, 
2011). For humidex, the exposure–response relationship was modeled 
using a second-degree polynomial function, while the lag–response 
relationship was specified with a natural cubic spline with two internal 
knots placed at equally spaced values on a logarithmic scale, consistent 
with previous work (Nottmeyer et al., 2023). A maximum lag of 14 days 
was applied in the main analysis, based on short-term health effects of 
meteorological factors on COVID-19 incidence (Feurer et al., 2024; 
Nottmeyer et al., 2023). Recognizing that temperature is the most used 
thermal exposure metric, we reconstructed the main model by replacing 
humidex with temperature and compared model fit using the sum of the 
quasi-Akaike information criterion (qAIC) across all cities (Armstrong 
et al., 2019). The humidex specification yielded a lower total qAIC than 
that of the temperature-based model (8,390,639 versus 8,397,653), 
supporting its use as the preferred exposure metric. For PM2.5, the 
exposure–response relationship was modeled as linear and the 
lag–response relationship was assessed using an unconstrained (integer) 
model with separate coefficients (O’Brien et al., 2023). Preliminary 
analyses modeled PM2.5 lags of up to 14 days using a natural cubic spline 
with two internal knots placed at equally spaced values on the loga
rithmic scale; however, associations were mainly confined to the first 
few days (Fig. S1). Therefore, a maximum lag of 2 days (0, 1, and 2 days) 
was applied in the main analysis, consistent with previous studies on the 
short-term health effects of ambient air pollution (Liu et al., 2019; 
Masselot et al., 2024; O’Brien et al., 2023). The same functional forms 
and lag structure for humidex and PM2.5 were applied in all cities.

Several potential confounders were accounted for in the main model 
(Feurer et al., 2024; Nottmeyer et al., 2023). To adjust for variations in 
case reporting and behavioral or operational factors across the week, 
such as social activity patterns or testing capacity, indicator variables for 
each day of the week were included. Additionally, three time-varying 
covariates were incorporated. First, intra- and inter-annual trends in 
COVID-19 incidence were modeled using a natural spline function of 
time with 10 degrees of freedom (df) per year. Second, to account for 
potential confounders related to PHSMs and population immunity, 
distributed lag linear models for OxCGRT GSI and vaccination coverage 
were included, allowing for lag effects of up to 14 days. Third, to capture 
underlying transmission dynamics, given an estimated incubation 
period of approximately 6 days, autoregressive terms were introduced 
by including the natural logarithm of COVID-19 cases plus one, lagged 
by 1–6 days (Imai et al., 2015; McAloon et al., 2020; Wu et al., 2022). 
The same set of confounders was specified for all city-specific models.

In the second stage, we applied a multilevel random-effects meta- 
analytic model to pool city-specific estimates of humidex and PM2.5 
using restricted maximum likelihood estimation (Sera et al., 2019; Sera 
and Gasparrini, 2022). Random effects were specified for groups defined 
by the intersection of the country and Köppen–Geiger climate zone (Peel 
et al., 2007). Residual heterogeneity across cities was assessed using a 
multivariate extension of Cochran’s Q-test and quantified with the I2 

statistic. From this meta-analysis model, we generated pooled overall 
exposure–response curves for COVID-19 incidence, expressed as relative 
risks (RRs) at the 10th and 90th percentiles of exposure, using the median 
humidex and 0 µg/m3 for PM2.5 as reference, with corresponding 95% 
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confidence intervals (CIs) to quantify uncertainty. Effect estimates are 
reported as RRs with 95% CIs; humidex effects pertain to daily COVID- 
19 cases, whereas PM2.5 effects are expressed as the RR per 10 µg/m3 

increase in concentration. In addition to estimating exposure–response 
associations, we quantified the attributable burden of COVID-19 cases 
due to short-term exposure to PM2.5, expressed as the attributable 
number (AN) and attributable fraction (AF) (O’Brien et al., 2023). The 
total AN was obtained by summing the daily contributions over the 
entire study period, and the AF was calculated as the ratio of this total 
AN to the total number of observed cases. Empirical confidence intervals 
(eCIs) for the AN were derived via Monte–Carlo simulations (n = 1,000), 
assuming a multivariate normal distribution for the estimated co
efficients of the exposure–response functions in the regression model, 
and eCIs for the AF were obtained by dividing the simulated AN values 
by the total number of cases.

2.3. Interaction analysis

To assess whether the humidex–COVID-19 association varied with 
PM2.5 concentration, we extended the main model to include a product 
term between the cross-basis function of humidex and a linear term for 
the 0–2-day moving average of PM2.5, along with the main terms for 
humidex and PM2.5 (Min et al., 2025). The exposure–response curves of 
humidex were predicted at the 10th (low concentration) and 90th (high 
concentration) percentiles of the overall PM2.5 distribution across all 
cities. To quantify the degree of effect modification, we calculated the 
ratio of relative risks (RRRs) with corresponding 95% CIs.

2.4. Sensitivity analysis

We conducted a series of sensitivity analyses to evaluate the 
robustness of our main findings under different modeling choices and 
assumptions. First, we varied the maximum lag period from 14–21 days 
for humidex, and from 2–7 days for PM2.5 exposure. Second, we tested 
the sensitivity to temporal trend control by changing the df for the 
natural cubic spline of calendar time from 10 to 7 df per year. Third, we 
adjusted for potential confounders, including daily mean ultraviolet 
radiation, and precipitation using natural cubic splines with three df in 
the first-stage model. Fourth, we explored different functional forms for 
the exposure–response associations, specifying a linear term for 
humidex and a second-degree polynomial function for PM2.5. Fifth, to 
assess independent effects, we fitted single-exposure models, for 
humidex or PM2.5, and evaluated their associations with COVID-19 
incidence. Sixth, to support the use of humidex, we examined the 
exposure–response curve for temperature on COVID-19 incidence. Sev
enth, to assess the influence of lag structure on the estimated effect 
modification, we re-fitted the PM2.5 models using alternative lag win
dows, replacing the 0–2-day moving average with 0–1 and 0–3-day 
averages. Finally, to test the sensitivity of exposure categorization, we 
defined low and high PM2.5 concentrations as the 1st and 99th percentiles 
of the distribution. Additionally, to address potential differences across 
SARS-CoV-2 variants, we conducted a sensitivity analysis stratified by 
dominant strain period. Following previous study (Feurer et al., 2024), 
we considered three main variants, Initial, Delta, and Omicron, and, for 
each country and calendar month, assigned the dominant strain as the 
variant accounting for the largest share of sequenced cases. In this 
context, “Initial” refers to the early pandemic period, when genomic 
surveillance was limited and several mutant lineages co-circulated 
before any specific variant became the dominant driver of trans
mission. We then re-estimated the pooled overall exposure–response 
curves for humidex and PM2.5 separately within each dominant strain 
period to assess the consistency of the associations across variants. In an 
additional analysis, we reparametrized the interaction model by treating 
PM2.5 as the main exposure and humidex as the effect modifier and 
estimated the cumulative RR per 10 µg/m3 increase in PM2.5 at the 10th 

and 90th percentiles of humidex, together with the corresponding RRR 

curve. Statistical significance of the p-value was < 0.05, based on a two- 
tailed test. All analyses were conducted in R statistical software, version 
4.2.0 (The R Foundation for Statistical Computing, Vienna, Austria), 
using “dlnm” and “mixmeta” R packages. The code for the complete 
analysis is available from the corresponding author on reasonable 
request.

3. Results

3.1. Descriptive analysis

This analysis included approximately 95.1 million confirmed COVID- 
19 cases reported across 439 cities in 22 countries spanning five conti
nents as of August 31, 2022. The geographical distribution of these cities 
and the aggregated national time-series of daily case counts are shown in 
Figs. 1 and 2. Most countries experienced multiple epidemic waves 
associated with successive SARS-CoV-2 variants, with a prominent peak 
observed during the emergence of the Omicron variant in late 2021 and 
early 2022. A complete list of study locations is provided in Table S2. 
Table 1 summarizes COVID-19 cases counts, environmental exposure, 
government stringency index values, and vaccination coverage during 
the study period. The cumulative number of cases ranged from 163,026 
in Australia to 32,572,370 in the United States. Substantial heteroge
neity in environmental exposures was observed both across and within 
countries. The daily mean humidex ranged from 5.1 ◦C in Canada to 
38.1 ◦C in Singapore. The highest average PM2.5 concentrations were 
recorded in Singapore (42.1 µg/m3) and Chile (41.1 µg/m3), while 
Australia and Estonia reported the lowest levels (<7 µg/m3). Ultraviolet 
radiation was greatest in tropical settings such as Mexico, Peru, and 
Kuwait, whereas precipitation was highest in Singapore and the 
Philippines and lowest in Kuwait. Temporal trends of the environmental 
variables by country are presented in Fig. S2–S5. As expected, tropical 
and subtropical countries (e.g., Brazil, Chile, Mexico, Peru, the 
Philippines, Singapore, and South Africa) exhibited limited seasonal 
variability in humidex, while PM2.5 concentrations showed no distinct 
temporal pattern. Correlation analysis revealed a weak negative asso
ciation between humidex and COVID-19 cases (Spearman’s ρ = –0.10), 
and a weak positive correlation with PM2.5 concentrations (Spearman’s 
ρ = 0.10; Fig. S6). Government response patterns are shown in Fig. S7. 
Most countries implemented strict mitigation measures in early 2020, 
which were gradually relaxed by mid-year, although several reinstated 
stringent controls later that year. The highest mean stringency levels 
were recorded in Peru (69.2%), the Philippines (67.3%), and Chile 
(62.0%), whereas Estonia (37.9%), and Norway (41.6%) adopted rela
tively lenient policies. Trends in vaccination coverage are shown in 
Fig. S8. Chile and Singapore achieved the highest mean daily coverages 
(42.3% and 40.0%, respectively), while South Africa (10.7%) and 
Romania (17.3%) had the lowest.

3.2. Short-term associations of COVID-19 cases with humidex and PM2.5 
concentration

Fig. 3 presents the pooled association curves derived from the meta- 
analytical models assessing humidex and PM2.5 concentrations. Overall, 
lower humidex levels were associated with an increased risk of COVID- 
19. Specifically, exposure at the 10th percentile (0.1 ◦C) correspond to a 
1.1192-fold (95% CI: 1.0214–1.2262) higher risk compared with the 
median reference value of 15.1 ◦C (Fig. 3A). In contrast, exposure at the 
90th percentile (33.3 ◦C), was associated with a reduced risk (RR: 
0.8311, 95% CI: 0.7428–0.9510). The corresponding cumulative 
lag–response curve indicated elevated RRs at lags of 2–14 days for the 
10th percentile (Fig. 3C) and a declining risk trend at lags of 3–14 days 
for the 90th percentile (Fig. 3E). Substantial heterogeneity was observed 
in the meta-analysis (Cochran’s Q-test, p-value < 0.001; I2 = 75.5%). For 
PM2.5, a positive association with COVID-19 incidence was observed. A 
10 μg/m3 increase in PM2.5 concentration over the current and two 
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preceding days was associated with an RR of 1.0079 (95% CI: 
1.0001–1.0161; Fig. 3B). In terms of attributable burden, we estimated 
that approximately 1.81% (95% eCI: 0.75–2.42) of all confirmed 
COVID-19 cases were attributable to PM2.5 exposure, corresponding to 
1,675,070 additional cases (95% eCI: 699,086–2,230,909) globally. 
Lag-specific analyses for both the 10th and 90th percentiles revealed 
positive associations, with the strongest effect at a 2-day lag (RR: 1.0026 
[95% CI: 1.0004–1.0049] and RR: 1.0127 [95% CI: 1.0020–1.0236], 
respectively), followed by lags 0 and 1 (Fig. 3D and 3F). Heterogeneity 
was noted in the meta-analysis (Cochran’s Q-test, p-value < 0.001; I2 =

64.6%).

3.3. Modifying effects of PM2.5 concentration on the association between 
humidex and COVID-19 cases

Fig. 4A illustrates the overall cumulative association between 
humidex and COVID-19 incidence under low and high PM2.5 concen
trations. Overall, there was minimal evidence of effect modification by 
PM2.5, suggesting that the additional contribution of particulate matter 
was marginal. At the 10th percentile of humidex (0.1 ◦C), compared with 
the median (15.1 ◦C), the estimated RR was 1.1127 (95% CI: 
1.0003–1.2378) under low PM2.5 and 1.1139 (95% CI: 1.0185–1.2181) 
under high PM2.5 concentrations. At the 90th percentile (33.3 ◦C), the 
corresponding RRs were 0.8328 (95% CI: 0.7146–0.9704) and 0.8446 
(95% CI: 0.7291–0.9568), respectively. The effect modification PM2.5 
concentration is further depicted in Fig. 4B, where the curves represent 
the RRRs comparing the 10th to the 90th percentile of PM2.5 across the 
humidex range. No evident PM2.5 modification was observed across the 
exposure range based on central estimates.

3.4. Sensitivity analysis

Sensitivity analyses showed that the overall shape of the exposur
e–response association curve remained broadly consistent across a range 

of modeling assumptions, with only minor variations in the effect esti
mates and CIs. These analyses included changes to the maximum lag 
period (Fig. S9), df for calendar-time adjustment (Fig. S10), the inclu
sion of additional potential confounders such as ultraviolet radiation 
and precipitation (Fig. S11), application of alternative functional form 
for exposure–response modelling (Fig. S12), assessment of humidex and 
PM2.5 using separate univariate models (Fig. S13), comparison of the 
exposure–response relationship between temperature and COVID-19 
incidence (Fig. S14), alternative specifications of the PM2.5 exposure 
window (Fig. S15) and different definitions of low and high PM2.5 
concentrations (Fig. S16). In sensitivity analyses stratified by the 
dominant SARS-CoV-2 variant period (Initial, Delta, and Omicron), the 
cumulative exposure–response curves for humidex and PM2.5 were 
broadly similar across periods, with wide and largely overlapping 95% 
CIs (Fig. S17). The cumulative RRs per 10 µg/m3 increase in PM2.5 were 
similar at low and high humidex levels, and the RRR curve remained 
close to unity across the PM2.5 range (Fig. S18). Overall, these findings 
support the robustness and reliability of the proposed model across 
varied parameter specifications.

4. Discussion

To the best of our knowledge, this study represents the most 
comprehensive epidemiological assessment of the independent and 
interactive effects of short-term exposure to humidex and PM2.5 on 
COVID-19 incidence, using an extensive dataset of nearly 95 million 
confirmed cases from 439 cities in 22 countries on five continents. Our 
global analyses indicate two key findings. First, lower humidex values 
and higher PM2.5 concentrations were associated with an increased risk 
of COVID-19. Second, we found no compelling evidence that PM2.5 
levels significantly modified the humidex–COVID-19 association. These 
findings offer valuable insights for public health strategies aimed at 
mitigating the impacts of meteorological factors and air pollution on 
COVID-19 transmission. While humidex has long been used as a 

Fig. 1. World map showing the included cities color-coded by region.
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composite index of temperature and relative humidity, its short-term 
associations with COVID-19 incidence and its joint effects with PM2.5 
have, to the best of our knowledge, not previously been examined in a 
multi-country analysis at this spatial and temporal scale.

Global pooled estimates indicate that lower humidex levels are 
associated with an increased risk of COVID-19. Specifically, we found 
evidence of independent associations between temperature, humidity, 
and COVID-19 incidence on a global scale. This finding is consistent with 
previous studies that examined the short-term effects of temperature and 
humidity individually. Employing a range of statistical approaches and 
country- or region-level datasets, several studies have reported an in
verse association between temperature, humidity, and COVID-19 case 
rates (Sarkodie and Owusu, 2020; Y. Wu et al., 2020; Yuan et al., 2021; 
Zhang et al., 2021). These findings have been further supported by 
multi-center analyses conducted in individual countries, including the 
United States, the United Kingdom, Italy, and Spain, which reported 
trends broadly consistent with those observed in the present study 
(Donzelli et al., 2022; Ma et al., 2021; Nottmeyer and Sera, 2021; Rubin 

et al., 2020). Likewise, two earlier multi-country analyses based on a 
shorter COVID-19 time-series showed exposure–response curves 
consistent with our result, despite some differences in geographical 
coverage and analytical methods (Feurer et al., 2024; Nottmeyer et al., 
2023). Additionally, a global study encompassing 2,143 city- and 
district-level locations across six low- and middle-income countries re
ported that temperature and humidity exerted both independent and 
interactive effects on COVID-19 transmission, although the magnitude 
and direction of these associations varied across climate zones (Wang 
et al., 2023). Given the ongoing evolution of SARS-CoV-2 to evade prior 
immunity and its multiple modes of transmission, several biological and 
behavioral mechanisms may underlie the observed associations with 
humidex. From a pathogenic perspective, low humidity conditions, 
characterized by reduced temperature and humidity, may enhance the 
environmental stability and persistence of SARS-CoV-2 by altering the 
physical properties of its lipid envelope, thereby prolonging viral 
viability, and increasing host susceptibility (Chan et al., 2011; Polozov 
et al., 2008). Experimental evidence supports this hypothesis, showing 

Fig. 2. Time–series of COVID-19 cases aggregated by country over the period.
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that the virus remains stable at approximately 4 ◦C, whereas exposure to 
70 ◦C inactivates the virus within 5 min (Chin et al., 2020). From the 
host’s perspective, inhalation of cold, dry air can cool the nasal 
epithelium, impairing key respiratory defenses such as mucociliary 
clearance (Kudo et al., 2019). Animal studies suggest that low temper
atures can suppress local immune responses, including reduced activity 
of virus-specific CD8+ T cells and lower IgG antibody production, likely 
due to diminished mucosal circulation and compromised adaptive im
munity(Moriyama and Ichinohe, 2019). Low humidity may also increase 
airborne transmission risk by accelerating droplet evaporation and 
promoting the formation of smaller droplet nuclei that remain sus
pended for longer periods (Rosti et al., 2020; Wei et al., 2022). Behav
ioral factors contribute as well, since cold, dry weather often leads to 
increased time spent indoors in enclosed or poorly ventilated spaces, 
facilitating viral spread through closer interpersonal contact and limited 
air exchange (Fares, 2013). Collectively, these mechanisms highlight the 
need to integrate epidemiological, experimental, and behavioral evi
dence to better understand climate-related pathways in COVID-19 
transmission. Our global finding that lower humidex is associated with 

higher COVID-19 incidence is consistent with these mechanistic 
pathways.

Our findings suggest a positive association between short-term 
exposure to PM2.5 and the risk of COVID-19 infection on a global 
scale, consistent with earlier epidemiological evidence, including multi- 
center studies and meta-analyses described in the introduction (Kim 
et al., 2022; Stafoggia et al., 2023; Wu et al., 2020;Yu et al., 2024; Zhu 
et al., 2020). This association is further supported by a nationwide 
cohort study in Denmark, which reported a significant positive rela
tionship between PM2.5 exposure and COVID-19 infection risk, and by a 
large-scale cohort study in China linking long-term PM2.5 exposure with 
elevated risks of long COVID, hospitalization, and lower levels of SARS- 
CoV-2-specific IgG antibodies (Yan et al., 2025; J. Zhang et al., 2023). 
Evidence on the role of air pollutants in facilitating COVID-19 trans
mission remains limited, primarily due to the scarcity of comprehensive 
population-based studies. Several plausible biological mechanisms have 
been proposed, including the potential for PM to act as an environmental 
carrier, promoting the airborne transport and inhalation of viral parti
cles into the respiratory tract (Martelletti and Martelletti, 2020). Air 

Table 1 
Descriptive statistics of number of included cities, cumulative confirmed COVID-19 cases (n = 95,175,005), environmental exposures, governmental stringency index, 
and vaccination coverage in the different countries.

Country Number of 
included cities

COVID-19 
cases

Daily mean 
humidex 
Mean (range) 
[◦C]

Daily mean 
PM2.5 

Mean (range) 
[µg/m3]

Daily mean ultraviolet 
solar radiation 
Mean (range) [J/m2]

Daily mean 
precipitation 
Mean (range) 
[mm]

Daily mean 
OxCGRT GSI 
Mean (range) 
[%]

Daily mean 
vaccination coverage 
Mean (range) [%]

Australia 1 163,026 23.7 (9.2, 
39.1)

6.4 (2.4, 
23.8)

187.5 (14.2, 366.6) 3.6 (0.0, 155.7) 55.8 (11.1, 
78.2)

29.6 (0.0, 82.7)

Brazil 18 4,651,427 31.4 (1.2, 
42.5)

15.2 (3.1, 
140.6)

209.6 (7.8, 381.1) 3.9 (0.0, 189.8) 56.2 (11.1, 
81.0)

28.6 (0.0, 79.4)

Canada 3 474,377 5.1 (–39.6, 
37.8)

26.5 (2.0, 
119.9)

163.1 (2.6, 365.6) 3.3 (0.0, 91.1) 61.0 (2.8, 76.4) 34.5 (0.0, 81.9)

Chile 3 286,717 13.4 (–2.1, 
27.2)

41.1 (4.8, 
242.6)

209.0 (3.9, 413.0) 1.9 (0.0, 59.9) 62.0 (25.6, 
90.3)

42.3 (0.0, 90.0)

Czech 
Republic

1 528,084 10.5 (–17.3, 
30.3)

13.6 (1.8, 
56.1)

148.0 (6.7, 327.3) 2.2 (0.0, 83.3) 46.4 (11.1, 
82.4)

29.2 (0.0, 65.6)

Estonia 1 283,494 7.2 (–21.7, 
32.6)

6.7 (2.3, 
22.7)

132.1 (1.9, 334.7) 2.0 (0.0, 39.9) 37.9 (0.0, 77.8) 28.9 (0.0, 64.6)

Germany 11 4,469,697 11.3 (–17.3, 
33.8)

10.8 (1.3, 
58.6)

143.5 (2.5, 339.5) 2.3 (0.0, 91.2) 54.0 (14.8, 
85.2)

33.4 (0.0, 76.1)

Italy 23 9,125,657 18.0 (–9.4, 
40.7)

13.0 (2.0, 
109.4)

191.7 (5.3, 348.3) 2.2 (0.0, 84.0) 60.2 (19.2, 
93.5)

35.5 (0.0, 81.2)

Japan 10 9,262,517 18.3 (–18.1, 
44.0)

17.3 (4.2, 
93.6)

169.6 (10.3, 344.7) 4.7 (0.0, 184.8) 43.4 (25.9, 
55.1)

33.0 (0.0, 82.8)

Kuwait 1 707,652 30.2 (4.7, 
51.4)

37.9 (14.8, 
62.7)

237.7 (27.2, 335.4) 0.2 (0.0, 29.4) 59.1 (11.1, 
100.0)

30.7 (0.0, 78.0)

Mexico 11 3,668,658 19.3 (–10.1, 
38.4)

20.6 (2.4, 
129.4)

258.4 (28.7, 384.5) 1.7 (0.0, 106.2) 51.8 (2.8, 82.4) 23.8 (0.0, 62.7)

Netherland 5 1,133,885 12.3 (–12.5, 
33.7)

10.8 (2.5, 
80.4)

145.3 (3.5, 333.5) 2.3 (0.0, 38.3) 51.1 (15.7, 
82.4)

31.1 (0.0, 68.1)

Norway 1 197,392 6.9 (–20.5, 
27.6)

7.1 (2.1, 
40.6)

128.0 (1.0, 340.2) 2.5 (0.0, 37.9) 41.6 (11.1, 
79.6)

33.0 (0.0, 74.5)

Peru 18 3,264,402 17.1 (–3.1, 
40.6)

33.2 (2.6, 
123.1)

235.5 (34.8, 400.9) 3.7 (0.0, 106.1) 69.2 (13.9, 
96.3)

27.0 (0.0, 82.2)

Philippines 4 505,630 37.4 (28.0, 
43.4)

13.8 (5.3, 
46.9)

201.7 (21.5, 317.2) 6.7 (0.0, 186.7) 67.3 (26.6, 
100.0)

18.0 (0.0, 62.2)

Romania 8 1,367,362 12.2 (–17.8, 
37.1)

17.4 (5.2, 
83.0)

163.0 (4.2, 338.2) 1.8 (0.0, 45.4) 52.2 (11.1, 
87.0)

17.3 (0.0, 41.3)

Singapore 1 1,817,744 38.1 (33.5, 
41.1)

NA 190.2 (26.9, 296.1) 7.4 (0.0, 90.8) 49.4 (25.0, 
82.4)

40.0 (0.0, 90.2)

South Africa 1 414,972 18.3 (7.7, 
31.4)

27.4 (8.0, 
206.5)

202.8 (19.0, 396.6) 1.6 (0.0, 37.7) 52.3 (11.1, 
88.0)

10.7 (0.0, 32.1)

Spain 52 10,453,752 16.1 (–9.0, 
39.4)

10.7 (1.6, 
296.5)

189.8 (5.5, 368.6) 1.8 (0.0, 77.0) 58.1 (35.4, 
85.2)

29.6 (0.0, 84.6)

Switzerland 8 2,399,955 10.8 (–14.3, 
34.7)

10.8 (1.4, 
59.5)

165.5 (3.4, 352.2) 3.7 (0.0, 80.6) 42.0 (11.1, 
73.2)

31.2 (0.0, 68.7)

United 
Kingdom

54 7,426,224 11.1 (–8.3, 
32.4)

11.4 (1.9, 
82.2)

131.5 (1.2, 351.2) 2.4 (0.0, 48.3) 53.5 (11.1, 
88.0)

34.7 (0.0, 74.3)

United States 204 32,572,370 16.0 (–35.5, 
44.9)

10.3 (0.9, 
413.0)

189.5 (2.2, 385.1) 2.9 (0.0, 246.0) 57.9 (20.4, 
75.5)

28.0 (0.0, 81.5)

Abbreviations: COVID-19, coronavirus disease 2019; PM2.5, fine particulate matter ≤ 2.5 μm; OxCGRT GSI, Oxford COVID-19 Government Response Tracker Gov
ernment Stringency Index; NA, not available.
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pollution is thought to impair host defense mechanisms through multi
ple pathways, including disruption of epithelial barriers, dysregulation 
of alveolar macrophage activity, perturbations of the respiratory 
microbiome, and upregulation of cellular receptors that facilitate viral 
entry (Monoson et al., 2023). Additionally, exposure to PM2.5 has been 
shown to dysregulation the immune system, characterized by over
expression of pro-inflammatory cytokines and chemokines (Lavigne 
et al., 2023). These immune disturbances may trigger inappropriate 
local and systemic inflammatory responses, increasing susceptibility to 
SARS-CoV-2 infection and accelerating disease progression. Moreover, 
immune dysfunction may lower the host threshold for secondary or 
opportunistic infections and exacerbate pre-existing non-infectious 

conditions such as asthma, further compromising outcomes in COVID- 
19 patients (Madaniyazi and Xerxes, 2021). Emerging experimental 
evidence has elucidated molecular mechanisms underlying these ob
servations. Animal studies have shown PM2.5 exposure upregulates 
angiotensin-converting enzyme 2 (ACE2), the primary receptor SARS- 
CoV-2, thereby enhancing viral entry and replication in both in vitro 
and in vivo systems (Lin et al., 2025; Scialo et al., 2020). These findings 
provide mechanistic support for the hypothesis that ambient PM2.5 
exposure may increase susceptibility to SARS-CoV-2 infection and 
contribute to more severe clinical trajectories. Consistent with this, our 
analysis revealed a positive association between the PM2.5 exposure and 
COVID-19 incidence, albeit under a specific lag structure and with 

Fig. 3. Overall cumulative exposure–response relationships and lag–response relationships between humidex, PM2.5 concentration, and COVID-19 incidence with 
95% CIs. Notes: In Panel A, vertical lines represent the 10th, 50th (median), and 90th percentiles of the humidex distribution. The y-axis depicts the overall cumulative 
RR of daily COVID-19 cases in humidex, centered at the median. In Panel B, vertical lines correspond to 0  μg/m3 as well as the 10th and 90th percentiles of the PM2.5 
distribution. The y-axis shows the overall cumulative RR per 10  μg/m3 increase in PM2.5, centered at 0  μg/m3. Panels C and D illustrate the cumulative RR at the 10th 

percentile of humidex (Panel C) and PM2.5 (Panel D), respectively. Panels E and F likewise present the cumulative RR at the 90th percentile of humidex (Panel E) and 
PM2.5 (Panel F). Abbreviations: PM2.5, fine particulate matter ≤ 2.5 μm; COVID-19, coronavirus disease 2019; RR, relative risk; CI, confidence interval.
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relatively wide CIs. Overall, it seems that the association is stronger 
within a short lag period, suggesting that PM2.5 could be implicated in 
the development of the symptoms after infection. This pattern may 
reflect an acute triggering effect, however the findings should be inter
preted cautiously due to potential delays between exposure, symptom 
onset, and case reporting. Further studies are warranted to validate the 
relationship between ambient air pollution and COVID-19 incidence. 
Within this growing body of research, our analysis provides multi- 
country, time-series evidence that short-term increases in PM2.5 are 
associated with small but measurable increases in COVID-19 incidence.

To the best of our knowledge, this is the first global study to inves
tigate the interactive effects of PM2.5 concentrations on the association 
between humidex and COVID-19 incidence. We observed no significant 
effect of PM2.5, providing no empirical support for the prevailing hy
pothesis that air pollution amplifies the health impacts of meteorolog
ical stressors on COVID-19 incidence. This finding contrasts with a 
regional study from Belgium, the only prior study examining this 
interaction which reported that elevated PM2.5 levels modified the 
temperature–COVID-19 relationship, heightening infection risk under 
both cold and hot conditions (Thi Khanh et al., 2024). From a mecha
nistic standpoint, several pathways have been proposed to explain the 

potential synergy between air pollutants and thermal stress. For 
instance, low-humidity environments may impair the dispersion of air 
pollutants and reduce mucociliary clearance, thereby increasing pul
monary exposure to inhaled particulates (Ma et al., 2016). In colder 
settings, elevated fossil fuel combustion can further raise ambient 
pollutant concentrations. Despite the plausibility of these mechanisms, 
the absence of detectable interactions in this study may be attributed to 
several factors. First, PM2.5 levels during the study period may not have 
been sufficiently high to elicit synergistic effects with meteorological 
exposures. Notably, PM2.5 concentrations declined markedly during the 
COVID-19 lockdowns, with an average reduction of 31.0% reported 
across 34 countries (Venter et al., 2020). Recent time-series studies have 
also documented significant improvements in air quality and corre
sponding reductions in mortality during the early lockdown period of 
2020 in Jiangsu (China), California (United States), central-southern 
Italy, and Germany (Ma et al., 2024). Second, behavioral adaptations 
during the pandemic, such as widespread mask use, improved ventila
tion, and reduced outdoor activity, may have mitigated actual exposure 
to both environmental stressors (Bollyky et al., 2023). Third, variability 
in PM2.5 composition across locations, combined with the limited in 
temporal and spatial resolution of exposure metrics, could have further 

Fig. 4. Overall cumulative exposure–response relationships between humidex and COVID-19 incidence by PM2.5 concentration with 95% CIs. Notes: Panel A il
lustrates the RRs for the overall cumulative exposure–response relationship between humidex and COVID-19 incidence, estimated at low (10th percentile; solid light- 
orange lines) and high (90th percentile; dashed light-purple lines) PM2.5 concentrations, with 95% CIs depicted by shaded areas. Panel B presents the interaction 
between PM2.5 concentration and the overall cumulative humidex–COVID-19 association, expressed as the ratio of RRs at the 10th and 90th PM2.5 percentiles, with 
corresponding 95% CIs likewise shown as shaded regions. Vertical line marks the 50th (median) percentile of the humidex distribution. Abbreviations: PM2.5, fine 
particulate matter ≤ 2.5 μm; COVID-19, coronavirus disease 2019; RR, relative risk; CI, confidence interval. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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attenuated the ability to detect effect modification (Manchanda et al., 
2021). While several studies have linked PM2.5 concentrations with 
increased COVID-19 incidence, research evaluating its role as an effect 
modifier in the context of environmental co-exposures remain scarce. 
Further studies are warranted to clarify the underlying biological and 
behavioral mechanisms, investigate differential susceptibility, and 
examine these associations in diverse climatic and pollution contexts, 
including analyses using individual-level exposure data and studies 
conducted in regions with high pollution burdens. Taken together, our 
findings suggest that, within the exposure ranges observed during the 
study period, PM2.5 primarily acts as an independent risk factor rather 
than a modifier of the humidex–COVID-19 relationship.

This study has several notable strengths. First, it encompassed 439 
cities across 22 countries, covering a wide range of humidex and PM2.5 
levels across both warm and cold seasons. The use of comprehensive, 
standardized, and state-of-the-art statistical protocols ensures method
ological consistency, thereby enabling valid cross-location comparisons 
and minimizing heterogeneity. In particular, we adopted an extended 
two-stage design combining city-specific quasi-Poisson regression with 
DLNMs and multilevel random-effects meta-regression, a framework 
that has been widely applied in environmental epidemiology to derive 
comparable exposure–lag–response associations across locations (Sera 
and Gasparrini, 2022). The inclusion of distributed lag terms for gov
ernment stringency and vaccination coverage, together with autore
gressive terms for lagged case counts, further strengthened control of 
time-varying confounding and underlying transmission dynamics. To 
the best of our knowledge, this represents the most extensive investi
gation of its kind to date. The large sample size provided substantial 
statistical power and robustness to the analysis. Specifically, the dataset 
included nearly 95 million confirmed COVID-19 cases, accounting for 
approximately 16.0% of the six billion global cases recorded as of 31 
August 2022 (Feurer et al., 2024). Second, the observational period was 
considerably longer than that of most previous COVID-19 studies. By 
spanning 2.5 years, the study captured multiple waves of infection 
across distinct pandemic phases, each characterized by varying domi
nant variants and vaccination coverage. To the best of our knowledge, 
few previous studies have analyzed such a large number of locations at 
this fine spatial resolution or over such an extended period to investigate 
multiple environmental exposures in relation to COVID-19 incidence. 
This study represents the first global analysis to provide detailed evi
dence on the short-term effects of humidex and PM2.5 concentrations, as 
well as their potential interaction. Furthermore, comprehensive sensi
tivity analyses consistently supported the main findings, reinforcing the 
robustness and reliability of the results.

However, this study has some limitations. First, although the dataset 
includes a large number of cities, it does not fully represent the global 
population. Substantial geographical gaps remain: Latin America, 
Southeast Asia, and Oceania are only modestly represented, whereas 
Northern and Central Africa, the Middle East, and much of Central and 
Northern Asia are entirely absent. Even in regions with relatively high 
coverage, some countries contributed data from only one or a few cities. 
Furthermore, the dataset is based on urban locations whereas rural areas 
have different population structures, healthcare systems, and air pollu
tion patterns. Therefore, the findings should be interpreted as reflective 
of the 439 included cities rather than broadly generalizable to the 22 
participating countries or the global population. Second, as an ecolog
ical study, uniform exposure was assumed across cities on a given day. 
Exposure estimates were based on averages from a limited number of 
monitoring sites, which may not capture within-city variability and 
could introduce measurement errors. Third, gridded exposure data were 
used as proxies for individual-level exposure, potentially resulting in 
exposure misclassification. For instance, PM2.5 concentrations were 
estimated using model-based approaches rather than ground-based 
monitoring. In some locations (i.e., Maceió, Recife, São Luís, Lima, 
and Singapore), PM2.5 data did not cover the whole study period due to 
missing values (Table S2). Future studies should assess the consistency 

of exposure–response estimates based on modeled versus observed air 
quality data, particularly in the post-pandemic period (W. Yu et al., 
2024a). Fourth, effect estimates ate at low humidex values should be 
interpreted with caution as readings below < 20 ◦C fall outside widely 
recognized heat-stress ranges and may not accurately reflect levels of 
humid-heat discomfort (CCOHS, 2025). Although humidex pragmati
cally combines temperature and humidity, it omits wind speed, radiative 
load, and cloud cover. Consequently, physiologically grounded indices, 
such as the WBGT and UTCI, may better characterize thermal stress and 
should be evaluated in future analyses. Fifth, due to limited data 
availability, we were unable to assess the short-term effects of other air 
pollutants, such as PM10, CO, NO2, and O3, on COVID-19 incidence, or to 
evaluate potential confounding effects of co-exposure through bi- or 
multi-pollutant models. Sixth, variations in the definitions of confirmed 
cases and reporting protocols across countries may have introduced 
systematic differences in surveillance data. Moreover, the OxCGRT GSI, 
constructed at the national level, may not have captured subnational 
variations in policy interventions, thereby limiting its ability to reflect 
local heterogeneity in response measures and leaving some residual 
confounding by local mitigation policies. This limitation could have 
biased the estimated short-term associations between environmental 
exposures and COVID-19 incidence in either direction and may partly 
account for the substantial between-city heterogeneity observed in our 
meta-analyses. Seventh, although this study provides global estimates, 
their interpretation should be made with caution given the substantial 
heterogeneity across locations (i.e., I2 = 75.5% for humidex and I2 =

64.6% for PM2.5). Eighth, our analyses were restricted to January 
2020–August 2022, corresponding to the period for which harmonized 
high-quality multi-country, city-level data were available. Subsequent 
phases of the pandemic have been characterized by changes in dominant 
variants, vaccination coverage, population immunity, and case- 
ascertainment practices, which may influence both baseline risks and 
the magnitude of environmental associations. Future research should 
extend these analyses with more recent data where feasible and sys
tematically explore this spatial and temporal heterogeneity to identify 
potential modifiers such as vaccination coverage, OxCGRT GSI, and 
socioeconomic and demographic factors. Ninth, the daily COVID-19 
case counts used in our analyses were based on confirmation or 
reporting dates in routine surveillance systems, rather than on the un
derlying dates of infection. In general, delays from infection to symptom 
onset, testing, and reporting, likely to vary across countries and over 
time, introduce uncertainty in the temporal alignment between envi
ronmental exposures and case occurrence. This complicates a mecha
nistic interpretation of the distributed lag structure and may blur or shift 
the estimated lag patterns, as well as contribute to the between-city 
heterogeneity observed in our meta-analyses. Future studies combining 
environmental data with individual-level information on symptom onset 
or infection times would help refine the timing of the exposure–response 
relationships. Finally, although the extended two-stage design allowed 
us to flexibly model complex exposure–lag–response associations, the 
results inevitably depend on modelling choices; we explored these 
choices through extensive sensitivity analyses, but some degree of model 
misspecification and residual confounding cannot be entirely excluded.

5. Conclusions

This multi-country time-series study provides global evidence on the 
independent effects of humidex and PM2.5 on daily COVID-19 incidence 
during the first 2.5 years of the pandemic. Overall, short-term exposure 
to lower humidex values and elevated PM2.5 concentrations was asso
ciated with an increased number of COVID-19 cases. Additionally, PM2.5 
exposure did not significantly modify the humidex–COVID-19 associa
tion. These finding enhance our understanding of the complex interplay 
between meteorology, air quality, and the infectious disease trans
mission, offering valuable insights for designing targeted public health 
interventions, strengthening health systems, and planning climate- 
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resilient cities, and provide a foundation for future studies that reassess 
environmental early warning tools using post-2022 data under endemic 
conditions.
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Forsberg, B., Åström, C., Ragettli, M.S., Guo, Y.-L., Chen, B.-Y., Bell, M.L., Wright, C. 
Y., Scovronick, N., Garland, R.M., Milojevic, A., Kyselý, J., Urban, A., Orru, H., 
Indermitte, E., Jaakkola, J.J.K., Ryti, N.R.I., Katsouyanni, K., Analitis, A., 
Zanobetti, A., Schwartz, J., Chen, J., Wu, T., Cohen, A., Gasparrini, A., Kan, H., 2019. 
Ambient particulate air pollution and daily mortality in 652 cities. N. Engl. J. Med. 
381, 705–715. https://doi.org/10.1056/nejmoa1817364.

Ma, Y., Nobile, F., Marb, A., Dubrow, R., Kinney, P.L., Peters, A., Stafoggia, M., 
Breitner, S., Chen, K., 2024. Air pollution changes due to COVID-19 lockdowns and 
attributable mortality changes in four countries. Environ. Int. 187, 108668. https:// 
doi.org/10.1016/j.envint.2024.108668.

Ma, Y., Pei, S., Shaman, J., Dubrow, R., Chen, K., 2021. Role of meteorological factors in 
the transmission of SARS-CoV-2 in the United States. Nat. Commun. 12, 3602. 
https://doi.org/10.1038/s41467-021-23866-7.

Ma, Z., Hu, X., Sayer, A.M., Levy, R., Zhang, Q., Xue, Y., Tong, S., Bi, J., Huang, L., 
Liu, Y., 2016. Satellite-based spatiotemporal trends in PM2.5 concentrations: China, 
2004-2013. Environ. Health Perspect. 124, 184–192. https://doi.org/10.1289/ 
ehp.1409481.

Madaniyazi, L., Xerxes, S., 2021. Outdoor air pollution and the onset and exacerbation of 
asthma. Chronic Dis. Transl. Med. 7, 100–106. https://doi.org/10.1016/j. 
cdtm.2021.04.003.

Manchanda, C., Kumar, M., Singh, V., Faisal, M., Hazarika, N., Shukla, A., 
Lalchandani, V., Goel, V., Thamban, N., Ganguly, D., Tripathi, S.N., 2021. Variation 
in chemical composition and sources of PM2.5 during the COVID-19 lockdown in 
Delhi. Environ. Int. 153, 106541. https://doi.org/10.1016/j.envint.2021.106541.

Martelletti, L., Martelletti, P., 2020. Air pollution and the novel Covid-19 disease: a 
putative disease risk factor. SN Compr. Clin. Med. 2, 383–387. https://doi.org/ 
10.1007/s42399-020-00274-4.

Masselot, P., Kan, H., Kharol, S.K., Bell, M.L., Sera, F., Lavigne, E., Breitner, S., Das Neves 
Pereira Da Silva, S., Burnett, R.T., Gasparrini, A., Brook, J.R., Guo, Y., Honda, Y., 
Huber, V., Jaakkola, J.J.K., Urban, A., Vicedo-Cabrera, A.M., Orru, H., 
Maasikmets, M., Pascal, M., Schneider, A., Katsouyanni, K., Samoli, E., Diaz, M.H., 
Arellano, E.E.F., Rao, S., Madureira, J., Holobaca, I.H., Tobias, A., Íñiguez, C., 
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SARS-CoV-2: severe acute respiratory syndrome coronavirus 2
COVID-19: coronavirus disease 2019
NPIs: non-pharmaceutical interventions
WBGT: wet-bulb globe temperature
UTCI: universal thermal climate index
HFMD: hand, foot, and mouth disease;
PM2.5: fine particulate matter ≤ 2.5  µm
PM10: fine particulate matter ≤ 10  µm
CO: carbon monoxide
NO2: nitrogen dioxide
O3: ozone
MCC: Multi-Country Multi-City
PHSMs: public health and social measures
GSI: Government Stringency Index
OxCGRT: Oxford COVID-19 Government Response Tracker
qAIC: quasi-Akaike information criterion
df: degrees of freedom
RRs: relative risks
CIs: confidence intervals
AN: attributable number
AF: attributable fraction
eCIs: empirical confidence intervals
RRRs: ratio of relative risks
ACE2: angiotensin-converting enzyme 2
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