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ABSTRACT

The COVID-19 pandemic has generated significant global impacts on health and society, imposing a comprehensive analysis of its

influencing factors, including weather variables. This study investigates the interaction between meteorological conditions and

the spread of COVID-19 in three Italian regions: Lombardia, Emilia-Romagna, and Puglia. Effects of weather variables, such as

air temperature, relative humidity, dew point, solar radiation, wind speed, and barometric pressure, are explored in the incidence

of disease. Observed meteorological and health data are taken from various sources, such as the citizen-science Meteonetwork

Association and the National Department of Civil Protection, respectively, and they are analyzed with statistical methods and

machine learning algorithms. The study emphasizes the necessity of carefully considering key meteorological quantities as pri-

mary drivers in illness diffusion and prevention strategies, offering valuable insights to address challenges to the pandemic and

ensure the safety of global communities. The results reveal a significant correlation between specific atmospheric variables and

the spread of COVID-19, with dew point temperature as the most influential parameter at low air temperature values.

1 | Introduction

The COVID-19 pandemic, caused by the novel coronavi-
rus SARS-CoV-2, has been one of the most serious global
health crises in the last decade. Identified for the first time
in Wuhan (China) at the end of 2019, the infection quickly
spread worldwide, leading the World Health Organization
(WHO) to declare a global pandemic on March 11, 2020.
COVID-19 has affected millions of people, causing signifi-
cant impacts on health, economy, and society. The response
has involved rigorous containment measures, mass vacci-
nation campaigns, and ongoing efforts to develop effective
treatments. Considering the global impact of the infection,
questions have arisen about which factors contributed to the

disease's diffusion, with particular attention focused on cli-
matic conditions.

COVID-19 belongs to the family of viruses that provoke severe
acute respiratory syndrome (SARS): its risk lies in the com-
mon ability to be transmitted from person to person through
the air, and it presents symptoms similar to influenza, while in
severe cases, respiratory difficulties, pneumonia, multi-organ
failure, and death may even occur. Like SARS, COVID-19
can be strongly correlated with meteorological factors such
as temperature, humidity, solar radiation, and wind speed:
these aspects influence transmission, environmental stabil-
ity, and virus vitality. Meteorological variables have, in fact, a
dual influence on pathogens: on one hand, they directly affect
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their survival, reproduction, and life cycle, while, on the other
hand, by affecting the environment, they indirectly condition
their habitat.

Literature studies have already shown that the onset, develop-
ment, survival, and spread of diseases, particularly infectious
ones, like 229E (alpha coronavirus), SARS-CoV (Severe Acute
Respiratory Syndrome Coronavirus), and MERS-CoV (the
Middle East Respiratory Syndrome Coronavirus), are closely
correlated with temperature and relative humidity (Chan
et al. 2011; Geller et al. 2012; van Doremalen et al. 2013; Pirouz
et al. 2020a; Pirouz et al. 2020b). For instance, Qi et al. (2020)
examined their validity on the COVID-19 cases in 30 Chinese
provinces, demonstrating that temperature and moisture have
a significant impact on the COVID-19 cases daily registered.
His research revealed that the combination of increasing daily
temperatures by 1°C, when relative humidity is between 67%
and 86%, reduces the daily rate of COVID-19 cases by 36%-57%,
while a growth of +1% in relative humidity, when daily average
temperatures are between 5°C and 8°C, diminishes the daily
COVID-19 cases by 11%-22%.

Furthermore, among the scientific community, there has been
much discussion about the effect of temperature on COVID-19
transmissions in some countries with warm climates during the
epidemic year 2020 (Demongeot et al. 2020; Igbal et al. 2020;
Mecenas et al. 2020). Despite initial speculation that warm
and humid climates could slow the virus diffusion, facts have
later shown that COVID-19 can quickly and widely spread in
any type of climate, including hot and humid ones like in India
(Vinoj et al. 2020). Additionally, Gupta et al. (2020) confirmed
that temperature and humidity are suitable quantities in pre-
dicting COVID-19 transmission in the United States as well;
Wu et al. (2020) tested the influence of meteorological factors
on COVID-19 deaths, revealing a significant positive correla-
tion with daytime temperature and a negative correlation with
humidity, while Sahin (2020) highlighted a positive correlation
between COVID-19 transmission rates and meteorological vari-
ables such as daily temperature and wind speed, emphasizing
how this latter factor affects virus transmission with a two-week
lag time. Pathogens can, in fact, spread from endemic regions to
other areas through windstorms and dust, as in the case of avian
flu outbreaks developed in some downwind regions, especially
during dust storm seasons, or through the transport of influenza
viruses during winter months from Asia to the Americas.

Nevertheless, no general conclusions have been drawn, and
different findings were obtained around the world. Chin
et al. (2020) stated that the virus is highly stable at 4°C, but more
sensitive to hot temperatures. Conversely, Zhu et al. (2020) found
that temperature has a positive correlation with COVID-19
cases when it is below 3°C, while Shi et al. (2020) showed the op-
posite effects in China, stating that temperatures between 8°C
and 10°C reduced the odds of daily increases in the COVID-19
cases. In Brazil, Prata et al. (2020) demonstrated that a tempera-
ture rise of 1°C is associated with a 4.9% decrease in the daily
COVID-19 transmissions when values are below 25.8°C. Lastly,
low humidity rates and cold temperatures seem to significantly
affect the survival and spread of various types of respiratory vi-
ruses, with influenza being a typical example as its spread has
significantly grown.

In this context, our study proposes an in-depth investigation to
identify whether and which weather factors among barometric
pressure, air temperature, relative humidity, dew point tempera-
ture (hereafter dew point), incoming solar radiation, and wind
speed have mostly influenced the COVID-19 transmission in
three Italian regions: Lombardia and Emilia-Romagna in the
north, and Puglia in the south, to ascertain whether influen-
tial meteorological variables were consistent or varied based
on the weather conditions of each area. Based on the assump-
tions learned from the scientific literature, it is expected that
some connections between COVID-19 and meteorological fea-
tures during the period of the pandemic were observed in Italy
as well. These relationships are here examined using artificial
intelligence algorithms supported by the application of a data
decomposition model; this latter allows for obtaining the trend
component for the examined data, thereby eliminating the noise
and seasonality.

2 | Area of Study

The focus of this research is on three Italian regions: Lombardia,
Emilia-Romagna, and Puglia. Figure 1 shows the area of
study with the location of the selected weather stations by
Meteonetwork (MNW).

The first case of COVID-19 was recorded in February 2020 in
Lombardia, which is the Italian region with the largest pop-
ulation (9,981,554) according to the ISTAT (2024) (Italian
National Institute of Statistics: https://www.istat.it/ accessed
on July 1st, 2024). Located in the northwest of the Italian pen-
insula, Lombardia mainly consists of flat terrain (47%) along
with mountainous areas (41%). Its climate is complex due to the
diverse natural features, such as the presence of rivers, lakes,
and mountains. Like in the entire northern Italy, Lombardia's
climate is strongly influenced by the Alps to the north and the
Mediterranean winds from the south. Although belonging to a
temperate climatic zone, the Po Valley is a transitional area be-
tween the Mediterranean Sea, and the continental and oceanic
climate of central and western Europe, respectively. However,
the complex Alpine orography acts as a barrier to cold and moist
winds from the north and the Atlantic Ocean, resulting in a
pronounced continental component; consequently, significant
annual temperature variations occur, with cold winters and
very hot summers. Lastly, as one ascends in altitude, the climate
becomes predominantly mountainous, although with differ-
ent characteristics between the Alps and the Apennines, espe-
cially concerning precipitation regimes (ARPA 2024, Regional
Environmental Protection Agency: https://www.arpalombar
dia.it/temi-ambientali/meteo-e-clima/clima/il-clima-in-lomba
rdia/ accessed on July 1st, 2024).

Belonging to the northern regions of Italy, the Emilia-Romagna
(with 4,458,006 inhabitants) is mainly characterized by flat ter-
rain (48%), with hills (27%) and mountains (25%). Its climate
is predominantly subcontinental, with cold winters and hot
summers. However, there are significant climatic variations
between different places in the region. In the mountainous
areas of the Apennines, the climate is colder, and precipitation
can be abundant, especially during winter. In the plains and
coastal areas, winters can be milder, and summers hotter, with
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FIGURE1 | The three investigated Italian regions: Lombardia, Emilia-Romagna, and Puglia. Magenta dots show the selected weather stations

from the MN'W meteorological network.

a greater influence of the Adriatic Sea. Precipitation is evenly
distributed throughout the year, although there can be dry pe-
riods during summer (ARPAE 2024, Regional Environmental
Protection Agency: https://www.arpae.it/it/temi-ambientali/
clima/rapporti-e-documenti/atlante-climatico/ accessed on July
1st, 2024; Antolini et al. 2017).

The last examined region is Puglia (with 3,933,777 inhabitants),
consisting of 53% plains, 45.5% hills, and only 1.5% mountains.
Located in the southeast of the Italian peninsula, it borders the
Adriatic Sea to the northeast, and the Ionian Sea to the south.
The climate is typically Mediterranean, characterized by fairly
warm and dry summers, mild and moderately rainy winters,
and abundant precipitation during the autumn season (ISPRA,
Italian National Institute for Environmental Protection and
Research: https://www.isprambiente.gov.it/it accessed on July
1st, 2024).

3 | Materials and Methods
This section depicts the meteorological and epidemiological data

used for the current analysis, with a detailed description of the
applied methodology.

3.1 | Meteorological Data

Meteorological observations used in this study are taken from
a citizen science open crowdsourced weather data network
managed by Meteonetwork, an Italian meteorological associa-
tion that shares more than 6500 weather station data over the
European continent, with a higher density over Italy. In particu-
lar, more than 4700 sites daily update their databases, and 3400
are accessible in real-time at this website: https://www.meteo
network.it/rete/livemap/ (accessed on July 1st, 2024). For fur-
ther information about the MN'W network, its weather data sys-
tem, quality control procedures, metadata, etc., the reader can
refer to Giazzi et al. (2022).

In this paper, the analyzed meteorological data span from
February 24th, 2020 (immediately after the COVID-19 out-
break in Italy) till August 31st, 2023: thus, more than 3years
are available to compute main statistics and bioclimatological
investigations. Main meteorological variables are collected at
an hourly time step, in particular, 2-m air temperature (T) [°C],
2-m relative humidity (RH) [%], 2-m dew point (DEW) [°C], in-
coming shortwave solar radiation (RAD) [W/m2], wind speed
(W) [m/s], and barometric pressure reduced at sea level (BARO)
[hPa], and then averaged out at a daily scale. A total number
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TABLE1 | Distribution of the MNW weather stations for each Italian province.

Lombardia (98)

Emilia-Romagna (188)

Puglia (77)

Bergamo (18), Brescia (8), Como (9),
Cremona (2), Lecco (4), Lodi (4),
Mantova (4), Milano (13), Monza (17),
Pavia (5), Sondrio (5), Varese (9).

Bologna (28), Ferrara (45), Forli-Cesena (21),
Modena (30), Parma (12), Piacenza (15),
Ravenna (15), Reggio Emilia (7), Rimini (15).

Bari (19), Barletta-Andria-
Trani (4), Brindisi (14), Foggia
(9), Lecce (27), Taranto (4).
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FIGURE2 | Number of registered COVID-19 cases in Italy during the period 2020-2023. Data source: https://lab24.ilsolE240re.com/coron

avirus/?refresh_ce; accessed on July 1st, 2024.

of 363 meteorological sites is chosen from three main Italian
regions (Table 1): Lombardia (98), Emilia-Romagna (188), and
Puglia (77).

3.2 | Epidemiological Data

In addition to meteorological data, two key variables (hereafter,
named target variables) related to infections are included and
derived from the database of the National Department of Civil
Protection: https://github.com/pcm-dpc/COVID-19 (accessed
on July 1st, 2024): in detail, (i) the number of positive cases per
100,000 inhabitants, which is obtained by dividing the daily re-
corded positive cases (regardless of hospitalization status) by the
population data from ISTAT of the respective regions and mul-
tiplying the result by 100,000; (ii) the number of hospitalized in-
dividuals with symptoms. Information regarding contagions is
accessible through an interactive geographic dashboard where
values concerning the trend of infections at the national, re-
gional, and district scales are displayed. To provide a clear over-
view during the pandemic period in the Italian country, a graph
illustrating the trend of positive cases per 100,000 inhabitants
and hospitalized individuals with symptoms from 2020 to 2023
is shown in Figure 2.

These records of meteorological and epidemiological data allow
for the creation of a dense database to analyze the spread of
COVID-19, counting the number of positive cases per 100,000
inhabitants and the hospitalized individuals with symptoms
over the three investigated regions.

3.3 | The Adopted Methodology

Since this paper aims to identify which meteorological factors
potentially influence the virus spread, our study investigates
the interaction between weather variables and the incidence of
COVID-19 in regions characterized by different demographic
features and climate conditions using an artificial intelligence
(AI) model. The workflow of the applied methodology is illus-
trated in Figure 3 and summarized in the following four steps.

i. In the initial phase, a correlation analysis (Gogtay and
Thatte 2017) is performed between meteorological vari-
ables and the ones of interest, i.e., the hospitalizations
with symptoms and the positivity rates per 100,000 in-
habitants. They are evaluated through the Pearson coef-
ficient, which measures how two sets of data are related
to each other: if the value is close to 1 (—1), it means there
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FIGURE 3 | Design of the tree diagram for the adopted methodology.
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is a strong positive (negative) correlation, and both data-
sets increase (decrease) together; if it is around 0, no cor-
relation exists.

Afterward, the training and test phase with a simulation
model, based on a supervised machine learning (ML)
method (Shetty et al. 2022), is implemented. In this
scenario, the COVID-19 dataset (i.e., the hospitaliza-
tions with symptoms and positives per 100,000 inhab-
itants) is the two target variables, while the predictors
are represented by meteorological data. The algorithm,
here used for constructing the regression model, is the
Random Forest (RF) (Rodriguez-Galiano et al. 2015),
which is generally effective for modeling nonlinear phe-
nomena, avoiding the overfitting of data. This process is
further evaluated with a k-fold cross-validation proce-
dure that verifies whether the initial sample is subject to
overfitting.

If the results from the Pearson coefficient and RF simula-
tion do not meet expectations (as it happened), the outlined
methodology involves applying a data filter using a statis-
tical technique called Seasonal and Trend decomposition
with Loess (STL) (Cleveland et al. 1990). This procedure
Equation (1) separates data into their fundamental compo-
nents (trend, seasonality, and residuals) to remove intrinsic
noise:

Y, =T, +S,+R 6))

where:

Y, is the observed value of the time series at time £;
T, is the trend component at time ¢;

S, is the seasonal component at time ¢;

R, is the residual (or noise) component at time.

The STL model utilizes a robust weighted local regression for the
time series decomposition. During the estimation of a target vari-
able, a subset of data points near the predicted variable is selected,
and linear or quadratic regression is performed on this subset
using the weighted least squares. The use of STL is applied to ob-
tain the trend component both for the meteorological factors and
the two target variables. Subsequently, a new correlation analysis
is again conducted to find out the desired Pearson coefficient.

iv. Lastly, the weight of each variable in defining the model
is assessed, i.e., how much each independent variable
will influence the target one. This is accomplished
through the application of the SHAP method (SHapley
Additive exPlanation) (Mangalathu et al. 2020; Nohara
et al. 2022), a popular Explainable Artificial Intelligence
(XAI) approach (Barredo et al. 2020), generally used
in game theory. The SHAP method calculates the
Shapley value for each feature i in a model, according to
Equation (2):
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where:

¢, is the Shapley value for the feature i;

N is the set of all features;

S is a subset of features not including i;

v(S) is the value function (model prediction) for the subset S.

The primary purpose of XAI methods is to make the function-
ing of artificial intelligence models transparent, avoiding the
so-called black-box processes. Using XAI methods, it is possible
to verify the importance of each observed variable and deduce
whether, according to the model, it can influence the predicted
values; upon this assumption, the model's reliability can be
estimated.

4 | Results

The results of the four steps highlighted in the methodology are
presented in this section. The first part of the analysis is con-
ducted without applying the STL model, generally obtaining
poor scores for the RF model simulation and with the k-fold
cross-validation. Once the decomposition function is applied
and better outcomes are achieved, the investigations continue
by introducing the SHAP method to determine the Feature
Importance of meteorological factors on the two target variables
during the period from February 24, 2020, to August 31, 2023.

4.1 | Preliminary Analysis

The initial phase of this study evaluates the relationship between
the selected meteorological and the epidemiological variables in
the investigated regions of Lombardia, Emilia-Romagna, and
Puglia. By calculating the Pearson correlation coefficient and

the corresponding correlation matrix with a p-value set to 0.01,
the statistical significance of correlations is determined.

Subsequently, a machine learning model (the Random Forest re-
gressor) is applied to simulate the evolution of the epidemiologi-
cal data over the entire period; this involves dividing the dataset
into two parts: one for training the model (80%), and the other
for testing (20%).

In addition, the goodness of the model is assessed using the
cross-validation method with the k-fold technique with k equal
to 10 over the entire dataset. Cross-validation is a statistical
method used to evaluate the generalization ability of a machine
learning model, i.e., its skill to predict new data not seen during
the training phase. The model is thus trained k times, each time
using k-1 folds for training and the remaining fold for testing.
This process helps to reduce errors due to variability in train-
ing/test data, avoiding overfitting, providing a more reliable es-
timate of the model performance for new values, and ensuring
that the model performance does not depend on the split interval
between training and test data.

The performance of the training/test phases of the predictive
RF model and the k-fold cross-validation are assessed through
some statistical indexes (Chicco et al. 2021), commonly known
in the literature: the determination coefficient (R?) and the
Mean Absolute Error (MAE). For the k-fold cross-validation,
the computed MAE considers the average accuracy of the
model across the distinct parts of the training and test subset
of data. If the cross-validation values are in the same order of
magnitude as those initially obtained in the test phase by the
predictive RF model, the model performance can be consid-
ered acceptable.

In this preliminary examination, neither the initial correlation
analysis nor the application of the RF model yielded the de-
sired results: in fact, the correlations obtained are generally
weak, with absolute values of the Pearson coefficient well
below 0.5 (magenta values in Table 2), suggesting there is no
strong correlation between the selected meteorological vari-
ables and the two epidemiological ones. Furthermore, unsat-
isfactory values of R? and MAE, not reported here for brevity,

TABLE 2 | Results of the correlation matrix for Lombardia, Emilia-Romagna, and Puglia before (in magenta) and after (in green) introducing the

STL method for the number of hospitalized with symptoms and positives per 100,000 inhabitants.

Lombardia Emilia-Romagna Puglia
Hospitalized Positives Hospitalized Positives Hospitalized Positives
Weather with per 100,000 with per 100,000 with per 100,000
variables symptoms inhabitants symptoms inhabitants symptoms inhabitants
BARO 0.230 (0.150) 0.390 (0.200) 0.0001 (0.000) 0.340 (0.190) 0.190 (0.100) 0.280 (0.140)

RH —0.078 (-0.056)  0.011 (—0.038) 0.1900 (0.120) 0.300 (0.190) 0.260 (0.200) 0.044 (0.012)
RAD —0.080(—0.080) —0.280(—0.230)  —0.350 (—0.320) —0.270 (—0.240)  —0.340(-0.310) —0.180(—0.160)
DEW —0.450 (—0.410)  —0.380(=0.350)  —0.610(—0.580)  —0.380(—0.350)  —0.490 (—0.430)  —0.460 (—0.410)
T —0.360(—=0.350)  —0.330(—0.310) —0.560(—0.540) —0.390(=0.370)  —0.460 (—0.450)  —0.350 (—0.340)
W 0.0087 (0.056)  —0.230(—0.099)  —0.190 (—0.002)  —0.230 (—0.060)  —0.0097 (0.025) 0.110 (0.093)
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are even obtained for the RF model simulation and with the
k-fold cross-validation.

4.2 | The STL Method

Following the methodological framework, the STL method
was applied. This process filters the predictive data through
a decomposition function, allowing data to be divided into
three components: seasonal, trend, and residuals. Using the
trend component, which better represents the data progres-
sion over time, a new sub-dataset is created with both meteo-
rological and epidemiological values; hence, a new analysis is
carried out. The Pearson correlation coefficient is once again

TABLE 3 |
the hospitalized with symptoms.

calculated, but this time better (absolute) values, compared
to those previously obtained, are achieved (green values in
Table 2).

Subsequently, we apply the supervised machine learning model
using the RF regression algorithm in its training and test phase,
but it is now executed using this daily dataset, created with the
trend variables obtained from the STL decomposition model. Its
performance is again evaluated using the R? and MAE metrics
for the number of hospitalized with symptoms and the positives
per 100,000 inhabitants (first four columns of Tables 3 and 4,
respectively). Very high scores prompt us to use the regressor
model over the entire data series simulation, thereby evaluat-
ing its overall performance (Figures 4-6). Small differences are

Results of the training/test phases of the model performance and the k-fold cross-validation over the three Italian regions regarding

MAE

MAE R? mean R?mean mean MAE
Region R? train R? test train MAE test train test train mean test
Lombardia 0.991 0.918 0.008 0.022 0.993 0.946 —-0.007 -0.017
Emilia- 0.994 0.958 0.009 0.024 0.994 0.966 —0.008 -0.022
Romagna
Puglia 0.985 0.926 0.014 0.035 0.989 0.920 —0.012 —0.033

TABLE4 | Resultsof the training/test phases of the model performance and the k-fold cross-validation over the three Italian regions: the positives

per 100,000 inhabitants.

MAE
MAE R?mean R? mean mean MAE
Region R? train R? test train MAE test train test train mean test
Lombardia 0.989 0.884 0.006 0.017 0.993 0.949 —0.005 -0.013
Emilia- 0.992 0.964 0.005 0.012 0.994 0.963 —-0.004 -0.010
Romagna
Puglia 0.982 0.880 0.016 0.044 0.984 0.898 -0.014 —0.037
Hospitalized with symptoms Positives per 100000 inhabitants
* Observed Data  « Simulated Data e Observed Data ¢ Simulated Data
1.0 1.0
= 08 i = 08
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FIGURE 4 | Trend component analysis between observed (in blue) and simulated (in magenta) data for the number of hospitalized with symp-

toms (a) and the positives per 100,000 inhabitants (b) in the Lombardia region.
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seen between simulated and measured values for the two target
variables, indicating that the model well-simulates the observed
data trend. The whole simulation is then assessed with the k-fold
cross-validation (second four columns in Tables 3 and 4), where

Hospitalized with symptoms

¢ Observed Data ¢ Simulated Data

1.0

0.8

0.6

0.4

Trend component (-)

o
N}

o
o
o
Ei08 00 00 @ 00 000 0000 @ ¢ 0000 ®conome

200 400 600 800 1000 1200 1400

Sample size (-)

(a)

the skill scores achieved are consistent with those initially ob-
tained in the test phase by the predictive RF model, highlight-
ing the robustness of the model, and pointing out the absence of
overfitting phenomena.

Positives per 100000 inhabitants

e Observed Data e Simulated Data
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e 9
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00000 et Ve oo
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:.f
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FIGURES5 | Trend component analysis between observed (in blue) and simulated (in magenta) for the number of hospitalized with symptoms (a)
and the positives per 100,000 inhabitants (b) in the Emilia-Romagna region.
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FIGURE 6 | Trend component analysis between observed (in blue) and simulated (in magenta) for the number of hospitalized with symptoms (a)

and the positives per 100,000 inhabitants (b) in the Puglia region.
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FIGURE 7 | Scatterplot of the trend component between simulated vs. observed data for the number of hospitalized patients with symptoms (a)

and positives per 100,000 inhabitants (b) in the Lombardia region.
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FIGURE 8 | Scatterplot of the trend component between simulated vs. observed data for the number of hospitalized patients with symptoms (a)

and positives per 100,000 inhabitants (b) in the Emilia-Romagna region.

Hospitalized with symptoms

——-10% —-+10% —-+20% —--20%

1.0 e 35 -
- - &
—_— e - <6
- - - -~ -
] F P i PP« -
08 e ~ o e
® B " - < o —
° AR o >
-~ v > ~
° 77 o —~
|1 AN e
- PPV 2
< 06 PP T R | I
s U PP A Rl T
£ T T
= T T~
@ L~
5 et -
£ o4 e
2 e
- g
(7] s
c o
8 i
g 02 2%
E 4%4
o =z
e~
2 2
S 00 »
]
=
0.0 0.2 0.4 0.6 0.8 1.0

Trend component for observed data (-)

(a)

Positives per 100000 inhabitants

10 —--10% +10% —-+20% ——-20%

0.8

0.6

0.4

0.2

Trend component for simulated data (-)

0.0
0.0 0.2 0.4 0.6 0.8 1.0

Trend component for observed data (-)

(b)

FIGURE 9 | Scatterplot of the trend component between simulated vs. observed data for the number of hospitalized patients with symptoms (a)

and positives per 100,000 inhabitants (b) in the Puglia region.

TABLE 5 | Percentage of data points falling within the +5% error
range for the number of hospitalized patients with symptoms and
positives per 100,000 inhabitants for Lombardia, Emilia-Romagna, and
Puglia regions.

Hospitalized Positives

patients with per 100,000
Region symptoms inhabitants
Lombardia 78% 58%
Emilia-Romagna 71% 52%
Puglia 63% 42%

Lastly, the scatterplots in Figures 7-9 summarize the agreement
between observed and simulated data for the two target vari-
ables under investigation; the error bands shown as confidence
levels denote the RF model performance.

Over the three regions, most of the points fall within the error
bands of £20%, with many even in the +10% range for both
the target variables. Over the Lombardia and Emilia-Romagna
regions, it is clear how the points cluster around the bisector,
and only a few of them are outside the confidence levels, while

in the Puglia region, a greater number of dots fall outside the
+20% bands.

In addition, Table 5 shows an in-depth analysis considering
an error range of +5% over the three regions for the number of
hospitalized patients with symptoms and positives per 100,000
inhabitants, with a percentage of points in Lombardia equal
to 78% and 58%, respectively, while in Emilia-Romagna, it is
71% and 52%; only in Puglia, the percentage drops to 63% and
42%. Nevertheless, the majority of points are generally dis-
tributed within the confidence levels across the three regions,
demonstrating the robustness of the implemented Random
Forest model.

4.3 | The SHAP Method

The satisfactory results prompt the analysis towards the imple-
mentation of the Feature Importance (FI) method (Shaikhina
et al. 2021; Kumar et al. 2020). Through this calculation pro-
cedure, a weight (or importance) is assigned to each meteoro-
logical variable in the entire machine learning process over
the three regions (Tables 5-7). This ultimate step involves the
obtained predictors as a weight of each variable in defining the

9of 14

35UBD| 7 SUOWILLOD BAIIER.1D 3(qedt|dde ayy Aq pausenob ae saoie YO ‘8sn JO SajnJ 10} Ariq 1T auljuQ A3|IM UO (SUOIIIPUOD-PUR-SWBIW0D A8 | 1M ATRIq 1 U1 UO//:SANY) SUO I IPUOD pue SWB | 8L} 88S *[5202/0T/.2] Uo AfiqiauluQ A3|IM ‘0auslY 1 Wiledopiu| |q1g ezuslod 1Q emedl|seg AIseAuN Ag 800. 1BW/Z00T 0T/I0P/L0d’ A3 1A Afeiq 1 puUO'SIBLL/SANY Wo.j pepeojumoq ‘Z ‘SZ0Z ‘0808697 T



TABLE 6 | SHAP Feature Importance for the Lombardia region; the
number of hospitalized patients with symptoms (a) and positives per
100,000 inhabitants (b).

TABLE 8 | SHAP Feature Importance for the Puglia region; the
number of hospitalized patients with symptoms (a), positives per
100,000 inhabitants (b).

Relative importance (a) Relative importance (b)

Relative importance (a) Relative importance (b)

DEW 0.426 DEW 0.336
RAD 0.229 T 0.180
w 0.161 W 0.176
BARO 0.074 BARO 0.146
RH 0.061 RH 0.116
T 0.047 RAD 0.043

DEW 0.501 DEW 0.451
RAD 0.155 T 0.158
w 0.141 w 0.127
BARO 0.073 BARO 0.100
RH 0.069 RH 0.094
T 0.061 RAD 0.071

TABLE 7 | SHAP Feature Importance for the Emilia Romagna
region; the number of hospitalized patients with symptoms (a), positives
per 100,000 inhabitants (b).

Relative importance (a) Relative importance (b)

DEW 0.471 DEW 0.414
RAD 0.213 T 0.168
W 0.095 W 0.145
BARO 0.090 BARO 0.134
RH 0.078 RH 0.087
T 0.053 RAD 0.052

predictive model to be evaluated. In particular, it was examined
how much each independent (meteorological) variable affects
the dependent (target) variable. This analysis is carried out
using the SHAP (SHapley Additive exPlanations) method (Fryer
et al. 2021; Roder et al., 2021), which is a consolidated approach
for explaining machine learning models.

The results of the SHAP Feature Importance for hospitalized
patients with symptoms (Table 6a) in Lombardia show that
the most affecting weather variables in the transmission of
COVID-19 are the DEW, RAD, and W, since the normalized val-
ues of these six variables sum up to 70% of influence, while the
meteorological factors that most influence the transmission of
COVID-19 for positives per 100,000 inhabitants (Table 6b) are
DEW, T, and W. The same outcomes are found for the Emilia-
Romagna and Puglia regions, as shown in Tables 7 and 8; in all
cases, the dew point turns out to have the main importance.

In addition, to evaluate the importance of lag time on the im-
pact of dew point with the spread of COVID-19 and its associ-
ated Relative Risk (RR), a DLNM (Distributed Lag Non-Linear
Model) is implemented following the methodology proposed by
Gasparrini (2011), Gasparrini (2021) and Gasparrini 2021, with
amaximum lag here set at 10days. The RR is an index that quan-
tifies the probability of an occurring event in the presence of a
specific exposure compared to its absence (McNutt et al. 2003).
It is calculated by comparing the event probability (e.g., an in-
crease in COVID-19 cases) associated with a specific level of ex-
posure (in our case a given dew point value) to the probability of
the event under reference conditions (e.g., an average value of

the meteorological variable). In building the model, penalized
splines (Economou et al. 2024) are used to optimize the degrees
of freedom for both meteorological variables and lag times.
These optimized parameters are then applied to the modeling
process, generating graphs that describe the RR as a function of
lag time variations.

By the graphs shown in Figure 10 with a particular reference
to dew point values in the Lombardia region, the lag times as-
sociated with the highest RR differ between the two cases.
Regarding hospitalized patients with symptoms (Figure 10a),
the highest RR is observed for lags between 0 and 1day, while
for positives per 100,000 inhabitants (Figure 10b), significant
lags are found between 0-1, 4-6, and around 10days; it is rele-
vant to note the highest RR scores are associated when low dew
point temperatures are observed.

5 | Discussion

The COVID-19 infection, caused by the novel coronavirus
SARS-CoV-2, was declared a pandemic by the WHO in March
2020 after the virus was identified in Wuhan (China) at the end
of 2019. Since it has been one of the most serious global health
crises in recent decades, assessing the impact of meteorological
factors on the spread of COVID-19 led the scientific commu-
nity to investigate several methods and analyses in recent years
(Yuan et al. 2021; Balboni et al. 2023; Tan and Schultz 2023).
As mentioned in the introduction, different achievements
were found, but no general conclusions were obtained around
the world.

In this paper, we analyzed common meteorological variables
over three regions of Italy: Lombardia, Emilia-Romagna,
and Puglia, using citizen science meteorological values by
Meteonetwork and epidemiological data by the national civil
protection database.

Initially, a preliminary correlation analysis between meteoro-
logical data and the COVID-19 values was implemented, but a
weak outcome between the two types of analyzed data was ob-
tained. Thus, the STL decomposition model was introduced to
decompose both meteorological data and COVID-19 infection-
related values into their three components: seasonality, trend,
and residuals.
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FIGURE 10 | Contour plot of the relationship between dew point, lag time, and relative risk (RR) for the number of hospitalized patients with

symptoms (a) and positives per 100,000 inhabitants (b) in the Lombardia region.

Removing noise from a time series is crucial to highlight the
trend, improving long-term data analysis. Without noise, it
becomes easier to identify regular patterns and enhance the
prediction accuracy. This process not only facilitates the un-
derstanding of relationships between variables and system
dynamics, but also reduces the risk of overfitting in machine
learning models, making them more robust and suitable for
generalizing new data. Hence, the machine learning model
(RF) was again run to simulate the trend of observed values
compared to a randomly selected sample of data. After intro-
ducing the STL, it was observed that: (i) the predicted data
well simulate the trend of the observed data; (ii) analyzing
the results of the k-fold cross-validation technique, the R?
and MAE were, respectively, close to 1 and 0, indicating the
applied model is robust; (iii) the problem of overfitting was
not found, since after the model test phase, it was observed
that the average metrics of the k-fold cross-validation are in
line with, and even better than those initially obtained by
the predictive RF model; (iv) analyzing the scatterplots in
Figures 7-9, most of the points representing the observed vs.
simulated data are within +10% of the error bands, with more
than 75% in the +5% confidence levels, and very few out of
the £20% range, mainly in Lombardia and Emilia-Romagna
regions, while a decrease is observed in Puglia for data in the
error range of +5%, where the percentage drops to 63% for hos-
pitalized patients with symptoms and to 42% for positives per
100,000 inhabitants, respectively.

Nevertheless, the main finding of the study emerges from the
Feature Importance (FI) analysis. In fact, it is significant to
observe that regarding both the hospitalized patients with
symptoms and positives per 100,000 inhabitants in the three ex-
amined regions, the variable that consistently shows the greatest
impact on the spread of COVID-19 is the dew point.

The dew point is defined as the temperature to which the air must
be cooled to reach saturation (at constant pressure), that is, to
achieve 100% relative humidity, causing the contained water vapor
to condense into dew or fog. When this phenomenon occurs, the
dew point is equal to the air temperature, indeed bringing humid-
ity to saturation. This achievement reveals the fundamental role
of atmospheric moisture in the spread of COVID-19: if the water
vapor is closer to saturation, the virus would have a greater per-
sistence in the air. The trapping of droplets by humidity creates, in
fact, ideal conditions for virus transmission among people.

Hence, high values of relative humidity could theoretically play
an important role in the spread of COVID-19. In reality, factors
influencing the virus spread are numerous and interconnected,
making it difficult to disentangle them as predominant, espe-
cially considering that relative humidity does not show high
feature importance in the analyzed cases. On the other hand,
contagion strongly depends on the sharing of indoor environ-
ments by individuals as well, which is frequent in winter time,
and significantly reduces during the summer season, charac-
terized by higher temperature and radiation. As an example for
hospitalized patients with symptoms in the Lombardia region,
Figure 11 depicts the SHAP dependence plot of the dew point in
relation to the air temperature values (both expressed in dimen-
sionless form) and reveals that the highest SHAP index values
(indicative of the model's predictive performance) occur at low
temperatures (shown in blue points) with low dew point values,
generally, in the colder seasons.

This finding is not so clear-cut in the same graph of the dew
point in relation to relative humidity values, still in dimension-
less form (Figure 12). Nevertheless, SHAP values are prevalently
greater when higher levels (magenta colors) of relative humid-
ity occur at low dew points (in the colder months). This score
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FIGURE 12 | SHAP Dependence Plot: Relationship between dew
point and relative humidity. Blue points indicate low relative humidity
ranges, while magenta points indicate high intervals of relative humid-
ity (in dimensionless form).

underlines an original and significant result, which is also use-
ful in guiding future research.

5.1 | Limitations of the Study

The proposed study presents some methodological limitations
which deserve attention. In particular, no temporal distinction
has been made between the pre- and post-vaccine periods or
pre- and post-curfew periods. This choice is motivated by the
need to retain a sufficient quantity of data for applying machine
learning techniques. Dividing the analysis period into too many
small segments would have shortened the availability of data for
each interval, compromising the reliability and robustness of the
results. Similarly, the vaccination rate has not been explicitly
considered. Including this variable would have required a more
detailed fragmentation of data and a temporal division of the an-
alyzed period, further reducing the amount of data accessible
for robust training of models. A similar issue arises with age,
particularly in the presence of multiple comorbidities. Although

it is a relevant variable, it has not been explicitly included in
the model. Therefore, the decision to not explicitly consider age
and comorbidities fits within a methodological approach aimed
at maintaining a large dataset ensuring robust and predictive
models. However, a future hybrid statistical-probabilistic model
combined with machine learning techniques could be imple-
mented to overcome this limitation related to big data, allowing
for a more nuanced analysis while maintaining the robustness
of the predictive models.

An additional limitation concerns the absence of a specific in-
vestigation of air pollutants. Sensors of monitoring stations used
in this study are exclusively meteorological; consequently, the
analysis focuses on these aspects only. However, in the future,
to provide a more comprehensive assessment, air pollutant data
can be integrated. For instance, a further aspect that could be
considered for future developments is the inclusion of the atmo-
spheric boundary layer height (BLH) as an additional meteoro-
logical factor potentially influencing the spread of COVID-19.
This parameter has been analyzed in some previous studies
that compared meteorological conditions during and before the
pandemic in order to assess the impact of meteorological vari-
ability during those periods (Petetin et al. 2020; Garcia-Dalmau
et al. 2022). BLH is, in fact, a classical variable considered in
the atmospheric dispersion of air pollutants; thus, it could also
play a role in the spread of COVID-19. In the same way, a limit
regarding possible biological justifications in the relationship
between meteorological factors and the spread of COVID-19 has
not been explored, as biological factors fall outside the aim of
our study.

Most of the methodological choices are here made to maximize
the robustness and reliability of predictive models. However, the
possibility of expanding and further exploring these aspects in
upcoming research is surely a future development to investigate.

6 | Conclusion

The current study analyzed the influence of meteorological fac-
tors on the COVID-19 contagion over three Italian regions with
different climatic conditions (Lombardia, Emilia-Romagna, and
Puglia).

First, we conducted a preliminary correlation analysis between
the daily average weather data and health target variables (num-
ber of individuals hospitalized with symptoms and number of
positive cases per 100,000 inhabitants), followed by a data fil-
tering analysis using the STL decomposition. The trend values
determined through the STL function were subject to a second
investigation, revealing a good correlation between the meteoro-
logical and epidemiological data.

To carry on the simulations, the Random Forest algorithm,
which is a regression model based on machine learning algo-
rithms, was implemented and evaluated through the calculation
of skill scores, even with a k-fold cross-validation procedure.
Values of R? and MAE, close to 1 and 0, respectively, highlighted
the accuracy and robustness of the model in simulating the mea-
sured data in the entire observation period between February
24,2020, and August 31, 2023.
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Finally, the importance of each weather variable was assessed
using the SHAP methodology, finding the dew point as the most
significant meteorological parameter for promoting virus sur-
vival (and spread) in the environment.

The conducted analyses highlight that the highest SHAP
index values related to dew point occur at low temperatures
and high relative humidity levels, particularly when the dew
point is low (typically in the colder months). This conclusion
is further emphasized by the evaluation of the relative risk as-
sociated with lag time: the application of the DLNM model,
in fact, reveals that, both for hospitalized patients with symp-
toms and for positives per 100,000 inhabitants, the greatest
risk of COVID-19 spread occurs when the dew point values
are low.

Although this investigation has been carried out in three re-
gions of Italy only, and future developments with additional
analyses may confirm this hypothesis, the study provides im-
portant insights into the spread of COVID-19, emphasizing the
importance of considering meteorological factors in designing
prevention and control strategies for the virus diffusion, even
for other pathologies, particularly involving the respiratory
system.
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