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A B S T R A C T

The relation between meteorological factors and COVID-19 spread remains uncertain, particularly with regard to 
the role of temperature, relative humidity and solar ultraviolet (UV) radiation. To assess this relation, we 
investigated disease spread within Italy during 2020. The pandemic had a large and early impact in Italy, and 
during 2020 the effects of vaccination and viral variants had not yet complicated the dynamics. We used non- 
linear, spline-based Poisson regression of modeled temperature, UV and relative humidity, adjusting for 
mobility patterns and additional confounders, to estimate daily rates of COVID-19 new cases, hospital and 
intensive care unit admissions, and deaths during the two waves of the pandemic in Italy during 2020. We found 
little association between relative humidity and COVID-19 endpoints in both waves, whereas UV radiation above 
40 kJ/m2 showed a weak inverse association with hospital and ICU admissions in the first wave, and a stronger 
relation with all COVID-19 endpoints in the second wave. Temperature above 283 K (10 ◦C/50 ◦F) showed a 
strong non-linear negative relation with COVID-19 endpoints, with inconsistent relations below this cutpoint in 
the two waves. Given the biological plausibility of a relation between temperature and COVID-19, these data add 
support to the proposition that temperature above 283 K, and possibly high levels of solar UV radiation, reduced 
COVID-19 spread.   

1. Introduction

Many studies have addressed the spread of the COVID-19 pandemic
since its origin in 2019. A topic of interest has been the potential in
fluence of meteorological factors in affecting SARS-CoV-2 transmission 
and virulence, i.e. the capacity of outdoor climate variables and indoor 
microclimate to modify COVID-19 spread. Though several studies have 
indicated that meteorological factors could influence the spread of 

COVID-19, inconsistencies remain regarding effect size and direction for 
temperature, humidity and ultraviolet (UV) radiation (Byun et al., 2021; 
Chen et al., 2022; Jerrett et al., 2022; Kaplin et al., 2021; Li et al., 2022; 
Majumder and Ray, 2021; Romero Starke et al., 2021; Zheng et al., 
2021). Explanations for these inconsistencies might include residual 
confounding due to pharmacological or non-pharmacological in
terventions (Chen et al., 2022; Nottmeyer et al., 2022), differences in 
virus lineage and variant in different regions and populations (Neagu 
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et al., 2021; Zhao et al., 2022), changes in season or geospatial scale 
considered, and other factors (Babin, 2020; Kerr et al., 2021; Li et al., 
2022; Tan and Schultz, 2022). Additional uncertainty stems from the 
unknown lag time between meteorological determinants and COVID-19 
endpoints, if they do have an effect (Xiao et al., 2021), or the possibility 
that weather variables have indirect effects mediated through changes 
in mobility, social contacts and other behavioral variables (Barceló and 
Saez, 2021; Paraskevis et al., 2021). In principle, weather-related factors 
such as temperature, humidity and ultraviolet radiation could affect the 
spread and virulence of an infectious agent such as SARS-CoV-2 by 
influencing the viability, pathogenicity, or transmission of the agent, by 
modulating the mobility and number of social contacts of the host, or by 
influencing the susceptibility and bodily response to the viral attack 
(Nottmeyer et al., 2022). 

The present study focused on the spread of the virus in Italy in 2020. 
Two great waves of infection swept across Italy during 2020, before 
vaccines were available, and before a multitude of viral variants had 
emerged. Our attempt here has been to assess and disentangle the role of 
three major meteorological factors, temperature, humidity and ultravi
olet radiation, in the spread and clinical severity of COVID-19 in Italy, 
taking into account the role of public-health measures, allowing for an 
optimal lag time in the analyses and focusing on a number of health 
endpoints. 

2. Methods 

2.1. Outcome data 

We analyzed data from all of 2020, comprising the first and second 
COVID-19 waves in Italy. The first ‘internal’ case of COVID-19 in Italy 
was detected on February 20, 2020 in Codogno – Lombardy region, 
quickly followed by additional cases. On February 23, the national 
government issued a nationwide ‘light’ lockdown, slowing the mobility 
of goods and people and reducing a number of public and private ac
tivities that involved social contact. The measures taken in this first 
lockdown included closure of schools and universities, prohibition of 
social gatherings (such as in churches and leisure areas), limitations in 
the use of public transportation, isolation of infected people and their 
close contacts, and enhanced border control to detect and isolate 
infected incoming travelers (Vinceti et al., 2020). 

A further, tight lockdown was decreed on March 8 in Veneto, Emilia- 
Romagna and Lombardy Northern Italy regions, and on March 9 across 
all of Italy, enforcing strict mobility control. This lockdown restricted 
individuals to their residences apart from health emergencies, a few 
urgent occupational needs, and weekly grocery shopping. No movement 
outside the residence was allowed for infected individuals or their 
contacts. Restriction was further increased on March 22, when people 
away from their own municipality were forbidden to return, and all non- 
essential commercial activities were closed. These strict measures ended 
on May 4, when mobility restrictions were softened, and May 16, when 
most mobility restrictions were lifted, with reopening of all commercial 
activities, although social gatherings remained limited and use of per
sonal measures such as face masks were encouraged. Spread of COVID- 
19 decreased from early April onwards, with a concomitant drop in all 
COVID-19 related health endpoints into summer. 

In the second half of the year SARS-CoV-2 infections increased again, 
peaking in November. Contrary to the first wave, in this second wave the 
public-health measures were at least in part geographically uneven. 
Non-pharmacological interventions (such as use of face masks, mobility 
restrictions, school closures) were strengthened again by the national 
government on November 6 specifically for each region, according to a 
three-level scale of increasing tightness based on severity of COVID-19 
spread (Riccardo et al., 2022). Finally, during the last days of 
December 2020, COVID-19 vaccines became available, and during the 
first weeks of January 2021, a vaccination program began. 

We studied four COVID-19 health endpoints, combined with 

provincial-level data on individual mobility and meteorological factors: 
1) new cases of SARS-CoV-2 infections; 2) COVID-19-related hospital 
admissions; 3) intensive care unit (ICU) admissions; and 4) deaths due to 
COVID-19. We obtained information separately for the first and the 
second COVID-19 waves in Italy from the National Public Health Insti
tute (Di Federico et al., 2022; Riccardo et al., 2020). The first wave we 
took as the period between February 15th-June 2020, and the second 
wave, the period from September 1st-December 31st. To compute the 
province-wide occurrence rate of each endpoint during each of the two 
waves, we used as a denominator the provincial population as of 
January 1st, 2020 for the 1st wave. For the 2nd wave, we subtracted 
from the provincial population the number of estimated SARS-CoV-2 
infections based on the province-specific seroprevalence case survey at 
the end of the first wave, so that the denominator represented only the 
never infected, susceptible population (ISTAT - Italian National Institute 
of Statistics, 2021; Filippini et al., 2021b; Vinceti et al., 2020). 

2.2. Meteorological data 

We obtained date- and province-specific meteorological data, 
including ultraviolet (UV, 200 nm–420 nm) downward ground 
radiation-outdoor exposure, temperature and relative humidity, from 
the Copernicus Climate Data Store (European Commission - Copernicus 
Eyes on Earth, 2023). In particular, data were retrieved from the 
fifth-generation global climate atmospheric reanalysis (ERA5) of the 
European Centre for Medium-Range Weather Forecasts, combining 
model forecasts with observations from across the world (European 
Centre for Medium-Range Weather Forecasts, 2023). This dataset con
sists of hourly estimates of a large and comprehensive number of at
mospheric, land and oceanic climate variables. For this study, we used 
2020 hourly average air temperature, relative humidity at 2 m above the 
surface and downward UV radiation at the surface, with temperature 
and relative humidity gridded with a step size of 0.1◦ and UV radiation 
gridded with 0.25◦. We implemented a Python procedure (van Rossum 
and Drake, 2011) to process ERA5 gridded network Common Data Form 
data, especially for spatial resizing and temporal aggregation (daily 
averaged values). We populated a PostgreSQL database with the PostGIS 
spatial database extender (Obe and Hsu, 2021) with the aforementioned 
data and the vector file of the administrative boundaries (municipalities 
and provinces) with their respective population census data (ISTAT - 
Italian National Institute of Statistics, 2023). We used several geo
statistical interpolation methods - local polynomial, inverse distance 
weighted (IDW) and area weighted - to obtain daily 
population-weighted average values for each province, for all the 
considered variables. Daily population-weighted values of variable V for 
day j and province i (Vw,i,j) were obtained using the following formula: 

Vw,i,j =

∑ni
k=1

(
Vavg,k,i,j • Pk

)

Pi  

where ni is the number of municipalities in province i, Vavg,k,i,j is the 
average value of V for municipality k, province i and day j, Pk, Pi are the 
number of inhabitants, from population census data (ISTAT - Italian 
National Institute of Statistics, 2023) of municipality k and province i 
respectively. 

For UV radiation, we computed daily averages by considering the 
hours when there was direct or indirect solar irradiation, i.e. UV radi
ation >0 kJ/m2. We aggregated the gridded data on a daily basis and 
using the administrative boundaries to get spatial, population-weighted 
average values for each province for all the considered variables. 

2.3. Confounders 

We retrieved hourly particulate matter with aerodynamic diame
ter <2.5 μm (PM2.5) concentrations from the European Centre for 
Medium-Range Weather Forecast, using data from the Copernicus 
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Atmosphere Monitoring Service at a spatial resolution of 0.1◦ degrees. 
PM2.5 concentrations were aggregated by daily average intervals, 
extracted at municipal level and computed as population-weighted 
average values for each study province. 

We also used individual mobility data as potential confounders, 
based on a cellphone-based methodology as previously described in a 
study in Northern Italy (Vinceti et al., 2020) and refined in a more recent 
investigation extended to the entire country (Vinceti et al., 2022). We 
estimated individual mobility from total mobile phone movements 
(identified through the subscriber identification module – SIM), occur
ring between different cell towers in all of Italy in 2020, based on 
commercially available data. A cellphone movement was labeled with 
both the cell of departure and the cell of arrival, and was registered 
when the mobile signal changed its receiving tower and remained in the 
same cell for at least 30 min. The dataset consisted of a daily trip counter 
of movements from one cell of departure to another cell of arrival. Then, 
we processed the data to obtain the movements on a provincial basis, 
assigning the daily movements to the province of departure, and we also 
determined the type of movement, i.e. if occurring by car, plane, train or 
other means of transportation, and if work-related or unrelated. Daily 
movements also reflected the lockdown time pattern. In the first wave, 
we found an overall mobility reduction of 14% on February 24th (light 
lockdown), 55% on March 9th (tight lockdown) and 82% on March 23rd 
(additional restrictions), compared with February 10th. Corresponding 
decreases in the second wave following the mobility restrictions still 
applied were 36% on November 7th compared to September 5th. 

Finally, as additional potential confounders we included percentage 
of dwellings occupied by only one resident (named single-family 
homes), and an old age index (ratio of residents aged ≥65/residents 
aged 0–14 years) on a provincial basis from the National Institute of 
Statistics (ISTAT - Italian National Institute of Statistics, 2023). 

2.4. Data analysis 

We estimated a random-effects Poisson regression model to conduct 
statistical inference (95% confidence interval) on the daily counts of 
COVID-19 endpoints standardized by the population size (offset), taking 
into account the correlation across repeated measures in the same 
province. The main predictors of interest, meteorological variables, 
were flexibly modeled with restricted cubic splines with 3 knots at fixed 
percentiles of the distribution, to allow for a non-linear relation between 
meteorological variables and COVID-19 endpoints. We included a lag 
time between meteorological variables and health endpoints that was 
specific for each of the latter. The lag period included the time required 
on average to show clinical signs and symptoms requiring hospital and 
ICU admission. With this aim, we assessed the mean time intervals be
tween onset of symptoms and hospitalization (5 days) (Istituto Superiore 
di Sanità, 2020), onset of symptoms and ICU hospitalization (8 days) 
(Ciceri et al., 2020), onset of symptoms and death (12 days) (Istituto 
Superiore di Sanità, 2020). We also included within these intervals a 
7-day period for incubation of wild-type SARS-CoV-2 (Wu et al., 2022), 
and the mean delay between onset of symptoms and swab outcome, 
estimated to be 5 and 3 days, respectively, in the first and second wave 
(Task force COVID-19 del Dipartimento Malattie Infettive e Servizio di 
Informatica, 2020). Thus, the overall lag times used in the model were 
12 days (1st wave) and 10 days (2nd wave) for COVID-19 onset, and 12 
days, 15 days and 19 days, for time to hospital admission, ICU admission 
and death, respectively. 

We analyzed separately the combinations of meteorological factors 
and health outcomes for each of the first and the second COVID-19 
wave. For each of the two waves, we included in all analyses only the 
provinces seriously affected by the pandemic, i.e. those experiencing a 
death toll higher than 50 COVID-19 deaths/105 inhabitants. In each 
model, we adjusted for old age index, population density, daily move
ments, number of single-family homes and for the remaining meteoro
logical factors, either including or not including PM2.5 concentrations. 

For the latter potential confounder, we assumed that the lag time for its 
effect on endpoints was 1 day. 

To assess if the postulated lag times, which were based on biological 
and epidemiologic evidence, could have been reliably inferred from the 
available data, we fitted cubic spline regressions after varying the lag 
time between 0 and 28 days. For each model, we used Akaike Infor
mation Criterion (AIC) as a measurement of relative informativeness of 
the model, as it provides the goodness of fit of the model, with a penalty 
for overfitting (Bozdogan, 1987; Xiao et al., 2021). We considered all 
adjusting factors as explained before, including PM2.5 lagged by one day. 
The resulting local minimum points for the AIC were interpreted as 
indicating the data-driven most appropriate lag times. 

3. Results 

There were 70 provinces included in the first wave and 102 prov
inces in the second wave, based on the requirement of at least 50 cu
mulative deaths/105 inhabitants (Supplementary Table S1). 

Fig. 1 shows the daily values of COVID-19 endpoints and meteoro
logical data in all 2020, averaged over the provinces and temporally 
modeled using restricted cubic splines with 7 knots. While there is a 
clear-cut end of the first wave, at the end of 2020 the epidemic curves 
were decreasing but had not reached negligible levels. The number of 
incident COVID-19 cases was far higher during the second wave than the 
first one, while other endpoints were of similar magnitude. As expected, 
UV radiation and temperature peaked during summer, while relative 
humidity did not show a clear temporal pattern. 

In the first wave (Fig. 2), non-linear Poisson regression analysis 
showed that temperature was inversely associated with all COVID-19 
outcomes above 283 K (10 ◦C, 50 ◦F). At lower temperatures, there 
was a weak positive association with daily infections, a weak negative 
association with ICU admission, and an inverse association with hospital 
admissions and deaths, with an almost linear pattern for the latter. UV 
radiation and relative humidity showed little association with all 
COVID-19 outcomes, with the partial exception of a weak negative and 
almost linear relation of UV with hospital and ICU admissions. 

In the second wave (Fig. 3), all COVID-19 outcomes showed an 
inverted U-shaped pattern of association with temperature, with an in
crease from 265 K up to 283 K for all COVID-19 endpoints (less steep for 
deaths than for the other three outcomes), and conversely a decrease 
above 283 K up to 300 K. Relative humidity did not appear to be related 
to COVID-19 outcomes, UV radiation showed a smooth decrease for all 
endpoints occurring above 40 kJ/m2. In the lower range of exposure 
there was an increase, particularly for new infections, though it was 
slightly shallower than the decrease occurring above 40 kJ/m2. 

The aforementioned results for new SARS-CoV-2 infections changed 
little in both COVID-19 waves, when we did not include PM2.5 as a 
potential confounder in the multivariable model (Supplementary 
Figures S1-S2). 

The lag time from the combination of meteorological factors and 
each endpoint showed points of AIC local minima at 5, 12 and 28 days 
for infection incidence; at 0, 5, 13 and 21 days for hospital admissions; at 
0, 5, 8 and 12 days for ICU admissions; at 4, 11, 18 and 28 days for 
deaths, with reference to the first wave (Fig. 4). Concerning the second 
wave, points of local minima were located at 14 and 21 days for infec
tion incidence and hospital admissions and at 13 and 18–20 for ICU 
admissions, while for deaths AIC decreased when increasing the lag 
time, without local minima. These values were in good agreement with 
the lag times we used for the first wave, based on biological and 
epidemiologic evidence, only for hospitalization, while for the second 
wave the AIC-generated values were close to those a priori-selected, 
except for new SARS-CoV-2 infections. 

4. Discussion 

Italy in 2020 presented a nearly unique setting for the investigation 
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of the role of environmental factors on COVID-19 spread, for method
ological reasons (Paraskevis et al., 2021). The policy on mobility re
striction and use of a face mask was imposed nationally, and there was 
not yet any vaccine nor new variant of SARS-CoV-2 that might have 
affected transmission and virulence. This setting presented therefore an 
unusual opportunity to investigate the effect of meteorological factors 
on the spread of the pandemic. 

The first SARS-CoV-2 variant in Italy (Variant of Concern, 202012/ 
01, lineage B1.1.1.7) was detected in January 2021 (Messali et al., 
2022). Vaccination started on December 27, 2020 in a few locations in 

the country, and it was only at the beginning of 2021 that the large-scale 
vaccination program began in Italy. We were also able to control for 
social distancing, possibly the major determinant in SARS-CoV-2 
transmission, by using the proxy of mobility patterns derived from 
tracking mobile phones throughout the country (Vinceti et al., 2022). 
The strict rules issued by the national government for face mask wearing 
were the same throughout the country, and were met with high 
compliance. In contrast, most epidemiologic studies on the role of 
meteorological factors in COVID-19 spread studied a variety of com
munities and countries with limited control of covariates, making it 

Fig. 1. Daily COVID-19 endpoints and meteorological factors trends in Italy in 2020. The meteorological data were averaged over the provinces and modeled with 
restricted cubic splines with 7 knots. 
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Fig. 2. Average number of cases/hospitalizations/ICU/deaths per 100,000 inhabitants in the first wave, as a function of meteorological factors (temperature/UV 
radiation/relative humidity) estimated in random-effects restricted cubic spline Poisson regression models adjusting for population density, daily movements, old age 
index, number of single-family homes, PM2.5 with a lag time of 1 day. The shaded area represents pointwise 95% confidence intervals. 
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Fig. 3. Average number of cases/hospitalizations/ICU/deaths per 100,000 inhabitants in the second wave, as a function of meteorological factors (temperature/UV 
radiation/relative humidity) estimated in random-effects restricted cubic spline Poisson regression models adjusting for population density, daily movements, 
number of single-family homes, old age index, PM2.5 with a lag time of 1 day. The shaded area represents pointwise 95% confidence intervals. 
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Fig. 4. Akaike Information Criterion (AIC), when varying the lag time between health endpoints and meteorological variables, estimated in random-effects restricted 
cubic spline Poisson regression models. Lower values of AIC mean that the selected model is better. We adjusted for old age index, density, daily movements, old age 
index, number of single-family homes and PM2.5, the latter with a lag time of 1 day. The dashed lines represent the lag times emerging from a priori interpretation 
based on nationwide epidemiologic data. 
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difficult to separate the effect of meteorological factors from the effect of 
confounders and modifying factors, especially mobility and social 
interaction (Damette et al., 2021; Nottmeyer et al., 2022; Sciannameo 
et al., 2022; Wang et al., 2022; Zhai et al., 2023). 

To compute more accurate estimates of the population at risk in the 
second wave, we subtracted from the provincial population the esti
mated percentage of residents who contracted COVID-19 during the first 
wave, given that such individuals were much less susceptible to re- 
infection, as also shown by the inverse relation of COVID-19 incidence 
in the Italian provinces between the first and the second wave (Vinceti 
et al., 2021). Air pollution has been suggested to be linked to increased 
COVID-19 incidence and severity (Copat et al., 2020; Filippini et al., 
2020; Jerrett et al., 2022), and therefore could either confound or 
mediate the effect of meteorological factors on COVID-19. We analyzed 
our data controlling for population-weighted mean levels of ambient air 
PM2.5 and also without controlling for it, with no appreciable differences 
in the results. 

The associations that emerged from our analyses, specifically the 
inverted U-shaped association for temperature and to some extent for 
UV, confirmed the value of fitting non-linear models. In contrast, reli
ance on linear models, in addition to lack of control for confounding 
factors, could explain the null or otherwise inconsistent findings re
ported by others (Chen et al., 2022; Jerrett et al., 2022; Kerr et al., 2021; 
Nottmeyer et al., 2022). 

We studied the four most commonly used and most relevant COVID- 
19 endpoints, i.e. incidence of SARS-CoV-2 infections, admissions to 
hospitals or to their intensive care units for COVID-19, and COVID-19 
deaths. Only the last three outcomes may be considered complete, 
because, especially in the first wave, the number of available tests to 
detect SARS-CoV-2 infection was limited, and its use was largely 
restricted to symptomatic individuals. Therefore, there was undoubtedly 
substantial underascertainment of the incidence and the prevalence of 
the infection during the first wave, when number of new cases more 
closely reflected incident COVID-19 cases than new SARS-CoV-2 in
fections (Filippini et al., 2021b). We included the better ascertained 
outcomes of hospital referrals and deaths not only because they were 
more reliably measured, but also because meteorological factors might 
affect not just viral transmission, but also virulence, pathogenicity, and 
the host response, thus potentially affecting COVID-19 severity and 
lethality (Filippini et al., 2021a; Sciannameo et al., 2022). However, the 
lack of sex-specific data on most confounders precluded the imple
mentation of sex-stratified analysis. Consequently, we were unable to 
address the possibility of different susceptibility for males and females, 
as was suggested in a previous study (Pivonello et al., 2021). 

We made a priori estimates of likely lag times in our regression 
models, basing these on reports of COVID-19 incubation time, and the 
time needed in Italy to receive a diagnosis, to be referred to a hospital, 
time to death in fatal cases. We compared these lag times to those that 
corresponded to local minima of the AIC in our regression models. We 
had a good agreement between these two approaches only for hospi
talization in the first wave, and for all the endpoints apart from new 
SARS-CoV-2 infections in the second wave. This phenomenon could 
have been related to the high temperatures that occurred during sum
mer, which were better associated with the successive COVID-19 
epidemic trend. The AIC model also generated other potentially 
optimal lag times, which could reflect specific impacts on individual 
susceptibility to infection and to subsequent disease progression or 
could be computational artifacts. However, and in comparison with AIC- 
based a posteriori modeling of lag times (Xiao et al., 2021), we consider 
more reliable their a priori interpretation based on nationwide epide
miologic data processed and released by the Italian National Institute of 
Health, and on biological and epidemiologic evidence about the latent 
period from infection onset to disease detection and hard endpoint 
occurrence. 

We found that relative humidity had little association with COVID- 
19 spread or severity, whereas increasing solar UV radiation above a 

threshold of 40 kJ/m2 had a small beneficial influence. UV light has 
been shown in a number of laboratory studies to decrease SARS-CoV2- 
viability (Park et al., 2022; Schuit et al., 2022; Su et al., 2022), and 
there is some epidemiologic evidence suggesting an effect in reducing 
coronavirus transmission among animals and humans (Carleton et al., 
2021; Isaia et al., 2021; Perez-Gilaberte et al., 2023; Sehra et al., 2020; 
Thornton et al., 2022), with evidence of a possible threshold (Nottmeyer 
et al., 2022). The lack of association between outdoor relative humidity 
and COVID-19 endpoints does not preclude a role for indoor humidity, 
which could affect airborne infectious disease susceptibility (Aganovic 
et al., 2022; Wolkoff et al., 2021). Nevertheless, indoor relative hu
midity is kept more stable than outdoor humidity, increasing relative 
humidity while heating and decreasing it while cooling (Verheyen and 
Bourouiba, 2022). 

The main finding of the current study was the substantial effect of 
temperature above a threshold of 10 ◦C/50 ◦F. Above this value, 
increasing temperatures were associated with decreased rates of SARS- 
CoV-2 infections and COVID-19 hospitalizations, ICU and deaths, dur
ing both the first and the second wave in Italy. This effect could reflect 
inhibition of viral spread from one individual to another, reduced 
virulence, or other factors (Chan et al., 2011; Chen et al., 2022; Lin et al., 
2006). Laboratory studies have also provided evidence supporting 
deleterious effects of higher temperature on coronavirus viability and 
transmission (Biryukov et al., 2021; Casanova et al., 2010; Chan et al., 
2011). Conversely, at low temperatures we did not find a clear pattern of 
association with COVID-19 endpoints. 

Credit author statement 

Marco Vinceti and Tommaso Filippini designed the original study, 
and with KJR and EB analyzed and interpreted the data, and drafted the 
manuscript. Nicola Orsini designed the code with Tommaso Filippini. 
Erica Balboni and Tommaso Filippini carried out data analysis. Stefania 
Bellino, Patrizio Pezzotti and Silvio Brusaferro provided processed 
health data for analysis, Sofia Costanzini, Fabrizio Ferrari and Sergio 
Teggi downloaded and processed the environmental data. All authors 
contributed to, read and approved the final manuscript. 

Funding 

This study was supported by grant FISR-EPICELLULARCOVID19 
2021 from the Italian Ministry of the University and Research (Dr. 
Vinceti). 

Declaration of competing interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

The authors confirm that the data supporting the findings of this 
study are available within the article and its supplementary materials. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.envres.2023.115796. 

References 

Aganovic, A., Bi, Y., Cao, G., Kurnitski, J., Wargocki, P., 2022. Modeling the impact of 
indoor relative humidity on the infection risk of five respiratory airborne viruses. Sci. 
Rep. 12, 11481 https://doi.org/10.1038/s41598-022-15703-8. 

Babin, S., 2020. Use of weather variables in SARS-CoV-2 transmission studies. Int. J. 
Infect. Dis. 100, 333–336. https://doi.org/10.1016/j.ijid.2020.09.032. 

E. Balboni et al.                                                                                                                                                                                                                                 

https://doi.org/10.1016/j.envres.2023.115796
https://doi.org/10.1016/j.envres.2023.115796
https://doi.org/10.1038/s41598-022-15703-8
https://doi.org/10.1016/j.ijid.2020.09.032


Environmental Research 228 (2023) 115796

9
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