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Abstract: The COVID-19 pandemic has significantly impacted human health and daily life. Meteorological
factors play a crucial role in virus transmission. Understanding these factors is critical for pandemic control,
yet debates continue due to variations in research methods and data. This study uses a global dataset and
focuses on administrative units smaller than 10,000 km?. The relationship between daily COVID-19 incidence
rates and meteorological factors —including temperature, relative humidity (RH), ultraviolet radiation (UVR),
and diurnal temperature range (DTR)—was analyzed across 173 units in 62 countries. The results revealed
significant nonlinear responses and lag effects between incidence rates and the meteorological factors. Key
inflection points were observed at 0°C and 24°C for temperature, 63% for RH, 102 KJ/m? for UVR, and 15°C for
DTR. Below 0°C, infection risk increased with rising temperatures; from 0°C to 24°C, risk decreased; and above
24°C, risk escalated rapidly. RH below 63% correlated inversely with infection risk, while above 63%, the
correlation was positive. Infection risk decreased with UVR below 102 KJ/m? but increased beyond this
threshold. These nonlinear responses are primarily driven by the differential effects of these factors on virus
survival, transmission, and human immunity. Conditions around 24°C, 63% RH, 102 KJ/m? UVR, and DTR
below 15°C appear optimal for human immunity, correlating with lower infection risk. High temperature and
low UVR prompted immediate infection responses, while low temperatures, high UVR, and larger DTR
showed delayed effects. These findings provide new, more reliable evidence for understanding the
mechanisms driving COVID-19 pandemic dynamics and for preventing the future normalization of the
epidemic.

Keywords: COVID-19; meteorological factors; distributed lag nonlinear model (DLNM); global; Nonlinear
Response

1. Introduction

The spread of COVID-19 has posed a significant threat to human health and has profoundly
impacted the global economy, social order, and international relations. By the end of 2021, over 280
million individuals worldwide had contracted COVID-19, with the death toll surpassing 5.45 million
[1]. However, WHO estimates suggest that the total number of deaths directly or indirectly
attributable to the COVID-19 pandemic between January 1, 2020, and December 31, 2021, is around
14.9 million [2—4]. In May 2023, the WHO declared that COVID-19 no longer constitutes a "Public
Health Emergency of International Concern" [5], signaling some easing of the global situation.
Nevertheless, localized outbreaks persist, and the pandemic may continue to impact human health
and lifestyles for years to come.

Although scientists have developed a relatively comprehensive understanding of COVID-19's
biological characteristics, transmission routes, and clinical manifestations, their understanding of the
interactions between the pandemic and natural environmental factors remains limited. Since the
onset of the pandemic, human and social factors—including population density, hygiene practices,
and behavior patterns—have garnered significant attention as major determinants of its spread [6—
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10]. In the context of globalization, these social factors have profoundly influenced the pandemic's
global transmission patterns. In fact, natural environmental factors, especially meteorological factors,
also play a crucial and irreplaceable role in the pandemic's occurrence and progression [11-15].
Research indicates that meteorological factors are closely associated to the epidemic patterns of
infectious diseases [16-20]. Factors such as temperature, humidity, precipitation, wind speed, and
ultraviolet radiation significantly influence pathogen survival, transmission vector activity, and host
susceptibility in humans and other animals [21-24]. These factors also modify outdoor activity
patterns, indirectly influencing the spread of the pandemic [22].

During the early stages of the pandemic, numerous studies aimed to explore and elucidate how
meteorological factors affect COVID-19 transmission patterns and speed [25-28]. The motivation for
these studies partly stems from historical observations of seasonal patterns in respiratory diseases
such as influenza, and from understanding the interactions between other coronaviruses (such as
SARS and MERS) and environmental conditions [13,15,29,30]. These studies aim to provide a
scientific basis for public health decision-making by analyzing the relationships between
meteorological factors and the pandemic.

However, existing studies on the relationship between meteorological factors and COVID-19
transmission often yield inconsistent and sometimes highly controversial findings, particularly
concerning temperature, humidity, and ultraviolet radiation(UVR). Temperature can affect the
stability and transmissibility of SARS-CoV-2 through various mechanisms, influencing the COVID-
19 incidence rates. Early studies suggested that respiratory viruses, including some coronaviruses,
tend to be more prevalent in winter, partly because low temperatures extend viral survival in
respiratory droplets and reduce human immunity, thereby increasing susceptibility to infection [31].
Although experimental studies confirm that low temperatures can enhance the stability of SARS-
CoV-2, and high temperatures may accelerate its inactivation, the relationship between temperature
and COVID-19 transmission remains complex. Some studies suggest a negative correlation between
temperature and COVID-19 incidence rates in certain regions [32-36], while others have observed
outbreaks and transmission even in high temperature tropical areas [37—40]. Several studies indicate
that the relationship between temperature and COVID-19 incidence rates is non-linear, exhibiting
varied epidemic patterns across regions and seasons [41-44]. A large diurnal temperature
range(DTR) can impact the immune system, increasing the risk of infection—a pattern also observed
in COVID-19 cases [45,46]. Most studies have identified a negative correlation between humidity and
COVID-19 incidence rates, as dry air can weaken the human body’s innate immune response,
reducing respiratory defense capacity. UVR has a virus-inactivating effect, particularly in outdoor
environments. Accordingly, most studies have reported a negative correlation between UVR
exposure and COVID-19 incidence rates [47-50], although some have noted a positive correlation
[32]. Research on the effects of wind speed [51], air pressure [52,53], cloud cover [54], and
precipitation [52,55] on COVID-19 transmission remains relatively limited, and findings have varied
across different regions.

These discrepancies are likely due to multiple factors. The first factor is the choice of study unit
size: in many studies, units of analysis are often too large, particularly in global studies where
countries are used as the primary units [52,56,57]. This approach can complicate the assignment of
meteorological indicators due to substantial environmental variations within each unit. The second
factor is the scope of these studies: some focus on a single country or province [33,37,58], while others
concentrate on specific regions [59-61]. Variations in climate types, population density, and hygiene
conditions across regions may differentially influence the spread of the pandemic, contributing to
inconsistent findings. The third factor is insufficient data representativeness: even when smaller
units, such as cities, are selected globally [32,41], issues like an inadequate number of data points or
uneven distribution persist, affecting the overall validity of study results. At the city or regional level,
sparse data can result in misunderstandings or overgeneralizations about the relationship between
the pandemic and meteorological factors. Furthermore, some studies consider lag and cumulative
effects, while others do not; some apply nonlinear models, whereas most depend on linear models.
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To address these challenges, we integrated data from multiple sources and chose study units
(cities, counties, or countries smaller than 10,000 km?) to maximize research scope and ensure an even
spatial distribution. We ultimately chose 173 units across 62 countries globally (covering six
continents and four climate zones) and utilized the DLNM to analyze the relationship between daily
COVID-19 incidence rates and meteorological factors, incorporating both lag and cumulative effects.
This study aims to provide new insights into the factors and mechanisms driving COVID-19
transmission, thereby contributing to more effective pandemic prevention strategies and mitigation
of future epidemics.

2. Materials and Methods

2.1. Study Area and Period

To minimize statistical errors arising from the discrepancy between the number of confirmed
COVID-19 cases and meteorological indicators in overly large administrative units, we selected study
units smaller than 10,000 km?, such as countries, regions, states, provinces, counties, or cities.
Additionally, to mitigate extreme fluctuations in daily reported COVID-19 cases in sparsely
populated areas and ensure a more uniform distribution of study units, we further selected units
with larger populations that more accurately represent their regions. In total, 173 units were selected
across 62 countries worldwide (Figure 1 and Supplementary Materials Table S1). Given that the
pandemic had only just begun in 2020, global control measures were neither timely nor effective,
making the spread of COVID-19 more susceptible to natural factors. Furthermore, because the
pandemic had not yet spread globally during the first two months of 2020, we selected the period
from March 1, 2020, to February 28, 2021, to encompass a full seasonal cycle as comprehensively as

possible.
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Figure 1. Distribution of 173 study units across 62 countries globally.

2.2. Data Collection

Data on confirmed COVID-19 cases were aggregated from multiple sources: the COVID-19
Open Dataset (COD) [62], the Unified Environment-Epidemiology Database from Johns Hopkins
University Center for Systems Science and Engineering (JHU CSSE)[63], and official public health
records from various countries. The COD and JHU datasets provide epidemiological data for 232 and
191 countries or regions, respectively, including state- and provincial-level data for 62 and 27
countries or regions, and city- and county-level data for 23 and 9 countries or regions. Given the
differences in time series length for new confirmed cases and population sizes among countries, we
utilized all available data within the selected period, normalized by population size, to calculate daily
incidence rates. The meteorological data were sourced from the European Centre for Medium-Range
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Weather Forecasts (ECMWF) Fifth Generation Atmospheric Reanalysis Dataset (ERAS5), which has a
grid resolution of 0.25x0.25° [64].

2.3. Methods

Meteorological factors often exert a lagged effect on health outcomes. Given the typical 1-14 day
incubation period of COVID-19, along with an additional 1-7 day delay from symptom onset to
reporting, it is essential to analyze the lagged effects of meteorological factors on COVID-19 incidence
rates. Traditional time-series models typically account for impacts within a specific timeframe;
however, merely including exposure levels over consecutive days without considering lagged effects
can result in high collinearity and biased outcomes. To address this issue, the Distributed Lag
Nonlinear Model (DLNM)—an extension of the generalized additive model—uses cross-basis
functions to represent the distribution of the dependent variable across both exposure and lag
dimensions. The DLNM comprehensively evaluates both the lagged and nonlinear effects of
exposure factors, providing a more robust framework for analyzing the impact of meteorological
factors on COVID-19 transmission dynamics [65]. The model is formulated as follows:

log Y, =cb(X,, lag, fun, vardf, lagdf)+ns(Date,, df)+Regi0ni+Dow (1)

In formula (1), a time-series quasi-Poisson regression model is employed to estimate the
associations between incidence rates and meteorological factors, expressed as relative risk (RR). In
the model, logY: denotes the logarithmic transformation of the daily COVID-19 incidence rate on day
t; cb() represents cross-basis functions; X: indicates the value of meteorological factors on day ¢; lag
signifies the maximum lag period, which is set to 14 days; vardf and lagdf represent the degrees of
freedom for the spline and lagged spline functions, respectively, both set to 3; fun represents the
natural cubic spline function, and ns() denotes natural cubic splines. Date: reflects the length of the
time series for each region, used to capture daily fixed effects, while df represents the degrees of
freedom for the time trend, set to 7. Regioni represents categorical variables for different regions to
account for random effects, while Dow captures day-of-week effects, indicating the influence of
different weekdays. Sensitivity analyses were performed to evaluate the robustness of these
modeling choices.

For these statistical analyses, R version 4.2.1 was used, and the DLNM was constructed using
the 'dlnm' package.

3. Results

3.1. Descriptive Analysis

Table 1 provides the descriptive statistics of COVID-19 incidence rates and meteorological
factors across the 173 study units from March 1, 2020, to February 28, 2021. The highest cumulative
incidence rate was observed in Boa Vista, Brazil (217,288.7 cases per million), and the lowest in
Taiwan, China (3.1 cases per million). The highest daily incidence rate was recorded in Curitiba,
Brazil, on December 16, 2020 (8,184.2 cases per million). The study regions span 114 degrees of
latitude and 325 degrees of longitude, with elevations ranging from -2 m to 2,850 m, and encompass
a wide range of climate types, from tropical to polar and humid to arid. Temperature ranges from -
36.1°C to +41.2°C, relative humidity (RH) from 6.9% to 100%, DTR from 0.2°C to 28.1°C, daily
precipitation from 0 mm to 410 mm, UVR from 0.4 KJ/m? to 164.8 K]J/m?, surface pressure from 72.9
kPa to 104.1 kPa, wind speed from 0.3 m/s to 13.8 m/s, and cloud cover from 0% to 100%. The
extensive geographic and climatic diversity of the analyzed regions enhances the representativeness
and reliability of the study findings.


https://doi.org/10.20944/preprints202409.1380.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 September 2024

5
Table 1. Basic statistics of COVID-19 incidence rates and meteorological factors for 173 study units
across 62 countries from March 1, 2020, to February 28, 2021 (n=51,062).
Types Variables Mean Min Median Max
Cumulative incidence rate (per ~ 41647.9 3.1 32969.6 217288.7
COVID-19 million)
Daily incidence rate (per million) 133.7 0 39.6 8184.2
Daily mean temperature (°C) 19.6 -36.1 22 41.2
Diurnal temperature range (°C) 7.7 0.2 7.2 28.1
Daily mean relative humidity (%) 71.6 6.9 76 100
. Daily mean ultraviolet radiation 82.8 0.4 87.6 164.8
Meteorological (KJ/m2)
factors Daily mean surface pressure(kPa) 97.4 729 99.9 104.1
Daily mean cloud cover (%) 57.4 0 62.4 100
Daily mean wind speed (m/s) 3 0.3 2.6 13.8
Daily precipitation (mm) 2.6 0 0 410

3.2. Nonlinear Relationships and Lagged Effects between COVID-19 Transmission and Meteorological
Factors

The model results showed that temperature, RH, UVR, and DTR provided a better model fit
compared to other factors, which exhibited a lower fit. Therefore, subsequent analyses will focus on
these four variables. Figure 1 depicts the cumulative lagged exposure-response curves between
temperature, RH, UVR, DTR, and incidence rates, emphasizing the reference values for each variable
(temperature at 24°C, RH at 63%, UVR at 102 KJ/m?, and DTR at 11°C) and their critical values under
extreme conditions. The results indicated that, within a 14-day lag period, temperature had two
inflection points for COVID-19 incidence rates: 0°C and 24°C. At extremely low temperatures, the
risk of COVID-19 infection was minimized; as temperature increased, the risk rose gradually, peaking
at 0°C. As temperature continued to increase, the risk declined, reaching a trough at 24°C. Beyond
24°C, the risk of infection escalated rapidly with further temperature increases (Figure 2a). For RH
below 63%, the infection risk was inversely correlated with RH, decreasing rapidly as RH increased
and reaching a minimum at 63%. When RH exceeded 63%, the risk of infection gradually increased
with further increases in RH (Figure 2b). For UVR below 102 KJ/m?, the risk of infection decreased as
UVR increased. However, when UVR exceeded 102 KJ/m?, the risk of infection rose with further
increases in UVR, reaching its minimum at 102 KJ/m? (Figure 2c). The DTR showed two inflection
points (6°C and 11°C). The overall risk of infection remained lower when DTR was below 15°C;
however, once DTR exceeded 15°C, the risk of COVID-19 infection increased in tandem with DTR
(Figure 2d).
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Figure 2. Cumulative lag Exposure-Response curves of COVID-19 incidence rates with temperature,
relative humidity (RH), ultraviolet radiation (UVR), and diurnal temperature range (DTR). Note: The
histograms display the distribution of each meteorological factor, with shaded areas representing the
confidence intervals of the fitted values; RR denotes relative risk; the dashed lines indicate the 2.5th
and 97 .5th percentiles of the variable, and the dotted lines represent the reference value of the variable
(RR=1); the blue (red) lines represent the cumulative exposure-response curves below (above) the
reference values.

Figure 3 presents the exposure-lag-response contour plots for the four factors, demonstrating
the exposure-response relationships across different lag periods and the lag-response relationships
at the 2.5% and 97.5% percentiles of the meteorological variables (temperature: -2°C and 31°C, RH:
29% and 94%, UVR: 10 KJ/m? and 136 KJ/m?, DTR: 1°C and 17°C). These plots reflected the impact of
lag periods on infection risk under extreme conditions. The results indicated: (1) Temperature: Under
low temperature conditions (-40°C to 10°C), the RR gradually increased with the length of the lag
period, peaking at a 14-day lag. In contrast, under high temperature conditions (above 30°C), the RR
decreased with increasing lag time. (2) RH: For both high and low RH conditions, the RR reached its
lowest point at a 7-day lag and its highest points at 0-day and 14-day lags. (3) UVR: Under low UVR
conditions (<30 KJ/m?), the RR decreased as lag time increased. Conversely, under moderate (50-100
KJ/m?) and high UVR conditions (>120 KJ/m?), the RR increased with longer lag times. (4) DTR:
Regardless of whether the DTR was large or small, the RR consistently increased with the length of
the lag period.
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Figure 3. Exposure-lag-response contour, exposure-response curves at different lag periods, and lag-
response relationships at specific meteorological variable values for COVID-19 incidence rates, with
respect to temperature, RH, UVR, and DTR. Note: The shaded area represents the confidence interval

for the fitted values. In the middle panel, exposure-response curves are drawn for lag days 0, 7, and

14 for different meteorological factors. In the rightmost panel, the blue (red) line represents the lag-

response curve for the 2.5th (97.5th) percentile of the meteorological variables.

4. Discussion

The analysis indicated that the risk of COVID-19 infection was lowest at 24°C. As temperatures
deviated from this value, either increasing or decreasing, the risk rose, with a critical threshold at
0°C. Below 0°C, the risk gradually decreased, reaching its lowest point at temperatures below -25°C,
which was even lower than the risk at 24°C. These findings are consistent with those reported by
Yuan et al. [43], Lyu et al. [66], and Pan et al. [67]. Our study also found that high temperatures had
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an immediate effect on COVID-19 incidence, while low temperatures exhibited a delayed impact.
Studies on temperature-related health effects show that high temperatures typically influence
outcomes within a few days, whereas low temperatures can have effects lasting 3 to 4 weeks [68-70].
The impact of temperature on COVID-19 transmission can be explained from several perspectives.
First, temperature influences the survival and release of viruses. Experimental studies have
demonstrated that SARS-CoV-2 is more stable in cold conditions but becomes more sensitive to high
temperatures [23]. Another study found that coronaviruses are inactivated more rapidly at 20°C than
at 4°C [30]. Moreover, research indicates that SARS-CoV-2 can survive for up to one hour at 60°C and
requires 15 minutes at 92°C (near boiling point) for complete inactivation [71]. Second, temperature
can affect the human immune system. Low temperatures weaken immune cell function in the
respiratory tract by reducing blood supply, while high temperatures can inhibit CD8 T cell responses
and antibody production, leading to decreased immunity [31]. Finally, temperature affects human
behavior, particularly mobility and indoor time. Both extreme heat and cold can increase the time
spent indoors, thereby facilitating the spread of SARS-CoV-2 [72]. The factors driving changes in
COVID-19 incidence under varying temperature conditions differ. In low temperature conditions,
the virus survives more easily, heightening the risk of infection. In high temperature settings,
although the virus's activity and survival time are diminished, the reduced adaptive immune
response in high temperatures [71] may increase the risk of infection. Thus, when temperatures
exceed 24°C, the risk of COVID-19 infection increases with rising temperatures, primarily due to the
associated decrease in immunity. Additionally, in extreme cold conditions (below -25°C), reduced
opportunities for social interaction inhibit the spread of COVID-19, contributing to the observed low
infection risk in such conditions.

The analysis of DTR indicated that the risk of infection was lower when DTR was small but
increased with longer lag periods as DTR became larger. This pattern may be due to consecutive days
of large DTR inducing greater physiological stress, leading to increased secretion of stress hormones
like cortisol. Prolonged exposure to elevated levels of these stress hormones can suppress immune
cell function and weaken immunity [73,74], thereby potentially increasing the risk of COVID-19
infection.

RH showed a threshold effect at 63% regarding COVID-19 incidence rates, with elevated
infection risk occurring in both high and low RH conditions, but more pronounced in low RH.
Possible mechanisms include: dry air compromising the mucociliary clearance of the respiratory tract
by reducing the capacity of ciliated cells to secrete mucus and remove viral particles, thereby
weakening respiratory defenses [31]; increased aerosol content during dry seasons [75], given that
aerosols are a significant transmission route for COVID-19 [76-78]; low humidity causing
evaporation that forms floating droplets, which enhance aerosol particle aggregation and increase
the risk of viral inhalation [21,69]; and high humidity hindering heat dissipation, raising body
temperature, affecting physiological functions, and potentially fostering the growth and spread of
certain pathogens, thereby lowering immune response. Additionally, multiple experimental studies
indicate that both enveloped and non-enveloped viruses are most efficiently inactivated under
moderate humidity conditions [79-81], likely due to the accumulation of chemical substances in
aerosols under these conditions, which disrupt the structural and functional integrity of viruses,
resulting in their inactivation [82].

Although most studies suggest a negative correlation between UVR and COVID-19
transmission, our study found that when UVR exceeded 102 KJ/m?, the risk of infection increased as
UVR levels rise further. This trend could be associated with the harmful effects of high-intensity UVR
on the immune system. Although moderate UVR conditions is beneficial to health, excessive
exposure in high UVR conditions may intensify the negative impact of UVR on the immune system,
potentially raising the risk of COVID-19 infection [83]. Furthermore, the effect of low UVR appeared
to be immediate, while the impact of high UVR showed a delayed response. This suggests that UVR
levels below 102 KJ/m? primarily exert a virucidal effect, whereas levels above 102 KJ/m? may begin
to harm immune function.
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To ensure the robustness of the results, we conducted a sensitivity analysis. Model parameters
were set based on the Akaike Information Criterion (AIC) to avoid overfitting or omitting important
information. Several trials were conducted, and the results showed that adjusting the spline and lag
degrees of freedom for meteorological variables (within the range of 3-10) did not significantly alter
the exposure-response relationship, model fit, or AIC values. Additionally, adjustments to the
degrees of freedom for time trends (3-14) yielded consistent results.

5. Conclusions

COVID-19 infection risk exhibits significant nonlinear responses and lag effects to temperature,
RH, UVR, and DTR. The relationship curves between COVID-19 infection risk and these factors
reveal one to two inflection points (temperature: 0°C and 24°C; RH: 63%; UVR: 102 KJ/m?; DTR: 6°C
and 11°C). At extreme low temperature, around 24°C, RH around 63%, UVR around 102 KJ/m?, and
smaller DTR, the risk of COVID-19 infection is lower. The infection risk response to these factors
varies across different ranges. Below 0°C, the infection risk rises with temperature; between 0°C and
24°C, the risk decreases as temperature increases; above 24°C, the risk rapidly escalates with rising
temperatures. When RH is below 63%, infection risk is negatively correlated with RH; when above
63%, it is positively correlated, with the lowest risk around 63%. At UVR levels below 102 KJ/m?,
infection risk declines as UVR increases; above 102 KJ/m?, it rises with further UVR increases, with
the lowest risk at 102 KJ/m?2. A DTR below 15°C is generally associated with lower infection risk;
above 15°C, the risk increases as the DTR widens. These nonlinear responses are linked to the varying
effects of these factors on virus survival, transmission, and human immunity. temperatures around
24°C, RH near 63%, UVR around 102 KJ/m?, and DTR below 15°C represent conditions closer to the
optimal range for human immunity and are therefore associated with a lower COVID-19 infection
risk. The response of COVID-19 incidence to high temperatures and low UVR is immediate, whereas
the responses to low temperatures, high UVR, and extreme DTR exhibit some degree of lag.

This study has limitations. Given the considerable climatic variations across global regions,
further in-depth and systematic investigations are necessary to better understand the relationships
between meteorological factors and incidence rates across various climate zones.
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