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a b s t r a c t 

The effects of environmental factors on the spread of the CoViD-19 pandemic have been widely debated in the 

scientific literature. The results are important for understanding the outbreak dynamics and for defining health 

measures of prevention and containment. Using multivariate autoregressive (AR) models and robust statistics of 

causality, this paper analyzes the effect of 19 time series (10 physical and 9 social) on 3 daily CoViD-19 series 

(infected, hospitalized, deaths) in the Milan area for about 16 months. Robust M-estimation shows the weak effect 

of climatic and pollution factors, while authority restrictions, people mobility, smart working and vaccination 

rate have a significant impact. In particular, the vaccination campaign is important for reducing hospitalizations 

and deaths. 
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. Introduction 

Discovering the causes of events is the fundamental purpose of scien-

ific reasoning. The CoViD-19 pandemic is a complex phenomenon that

as important consequences on world society. Understanding direct and

ndirect factors of its spread is fundamental for making the right deci-

ions of control. The major way of infection is the personal contact,

ut what is the role of the external (socio-environmental) conditions?

nd how do these conditions interact with personal contacts? The avail-

bility of data is important for such analysis, but statistical techniques

f data treatment are even more important. The study of causality has

een formalized by Clive Granger (2005 Nobel prize for economics),

sing time-series data and their autoregressive (AR) modelling. In this

aper, we follow this approach. 

Direct contact between people is the main cause of virus infection,

ncluding swap cough and sneeze droplets (see Wang et al. 2021 ). Ex-

ernal environmental factors may intervene in the diffusion of pandemic

pisodes in two ways: directly, as means of transmissions, such as dust

nd wind, or indirectly as conditions that weaken the human health sys-

em, such as cold and pollution. Moreover, cool and wet weather con-

itions induce indoor activities and human gatherings, and so personal

ontacts; however, government restrictions on people’s mobility, reduce

ar traffic and, in turn, also the air pollution. 

Among the pollution agents, fine particulate matter (PM) may both

arry pathogen agents and cause oxidative stress and inflammation in

he lungs, especially those with magnetic (water-soluble metal ions)

omponents ( Martinez et al., 2022 ). Hence, PM could represent a dou-

le agent of CoViD-19 propagation, as increases the persistence of the
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irus in the air and act on the receptor ACE2, which is important for the

irus entry into cells ( Borro et al., 2020 ). Thus, many studies have ana-

yzed the presence of the CoViD-19 virus in the air and on PM particles

n various environments, detecting a limited presence of virus RNA in

utdoor contexts ( Setti et al., 2020 ) and so low risk of contamination

 Belosi et al., 2021 ), unless large gatherings of people are allowed, and

ocial distancing and masking are avoided. 

Unlike classical influenza viruses, which almost occur in the winter

eason (as shown by the regular seasonality of the mortality series), re-

ent events have shown that CoViD virus is less dependent on climatic

actors (as the third wave started in summer). In this case, the effect

f people’s habits should be considered, although they are difficult to

etect and measure. Analogously, the effectiveness of health-authority

estrictions should be investigated, either with respect to the actual re-

uction of the people’s movement or the mitigation of infections and

asualties ( García-Cremades et al., 2021) . In this case, the timeliness of

overnment decisions and their spatial diffusion play an important role.

This analysis looks like that between air pollution and lung mortality

here, in regional and spatial data, spurious correlation may arise from

he common dependence of the variables on population factors. In par-

icular, the number of people affected by CoViD and the level of PM may

e inflated by their common dependence on the population level and

opulation density ( Hou et al., 2021 ). Dealing with per-capita CoViD

atients and per-capita PM levels is the simplest solution ( Copiello and

rillenzoni, 2020 ); however, to understand the real drives and dynamics

f the CoViD pandemic, the analysis of time-series data is necessary. 

In general, spurious (indirect) correlation is not present in time-series

 𝑡 , 𝑋 𝑡 where the unidirectional (past-present) ordering of the index 𝑡
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inders the interchangeability of data. It may arise at a simultaneous

evel (e.g. D’Albis et al. 2021 , Table A2) if the series have a common

rend and are only regressed on their present, as 𝑌 𝑡 = 𝛼 + 𝛽 𝑋 𝑡 + 𝑒 𝑡 (see

ranger, 2012 ). However, when AR models are used, and proper lagged

ariables 𝑌 𝑡 − ℎ , 𝑋 𝑡 − 𝑘 are introduced (to avoid residual autocorrelation),

hen genuine relationships can be detected. In the Granger’s causality

nalysis, the prediction ability of 𝑋 𝑡 − 𝑘 on 𝑌 𝑡 is statistically tested and

an be applied to pandemic events and environmental factors. 

There are various studies that investigate the Granger’s causal-

ty between CoViD spread and environment conditions; they mainly

iffer in the nature of the covariates 𝑋 𝑡 . The first group deals

ith physical factors: Delnevo et al. (2020) , Zheng et al. (2021) ,

artinez et al. (2022) consider pollution indicators and classical

R models; while Sarkodie et al. (2020) , D’Albis et al. (2021) ,

harma et al. (2021) focus on climatic conditions and use dy-

amic panel data models. The second group deals with social factors:

agyar et al. (2021) , García et al. (2021) , Sato et al. (2021) consider hu-

an interaction indicators based on Internet; while Habib et al. (2021) ,

i et al. (2021) , Mastakouri and Schölkopf (2020) ) use real mobility

nd authority restrictions data. Table A in the Appendix summarizes

heir technical aspects, which support the existence of causality between

oViD outbreaks and various environmental conditions. 

However, the results of these studies may be affected by the quality

f data (short time series), model specification (small lag orders) and

on-stationarity of residuals (presence of outliers). In this article, we

void these drawbacks by using a comprehensive dataset, large multi-

ariate models and robust estimators. The plan of work is as follows:

ection 2 describes the case-study and its dataset; Section 3 presents

he statistical models and methods; Section 4 provides the estimation

esults; Section 5 discusses and compare the main findings. 

. The case study 

The metropolitan area of Milan is the most populated and developed

art of Italy; it accounts for 3.25 million inhabitants with a density of

bout 2100 per km 

2 . For this reason, it was the epicenter of the first

oViD-19 outbreak in Europe in Spring 2020. In this study, we con-

ider the daily number of new CoViD cases 𝑌 𝑡 (infected, hospitalized

nd deaths) in the period from Feb. 24, 2020 to July 4, 2021; a total

f N = 497 days. These series are displayed in Fig. 1 a, showing a clear

ituation of non-stationarity , i.e. their path is characterized by changes

n level and variability, located at specific periods ( Grillenzoni, 1998 ). 

The first attempt to regularize such series consists of transforming

hem into natural logarithms, as log ( 𝑌 𝑡 + 1 ) ; indeed, Fig. 1 b shows a sig-

ificant stabilization in mean and variance. This provides good statisti-

al properties to parameter estimates, such as efficiency and unbiased-

ess, which are necessary for hypothesis testing. Fig. 1 c, d show the

esiduals of AR models of lag-order 10, fitted to the series of daily new

nfected cases. One can see that residuals of the log-transformed series

re more heteroskedastic, Normally distributed and with few outliers.

owever, the null hypotheses of stationarity and Gaussianity are still

ejected in Fig. 1 d, and this affects the statistical properties of the mod-

ls. Therefore, in the next sections, the models will be fitted with robust

stimators ( Huber, 1981 ), which allow unbiasedness to both coefficients

nd their standard errors. 

A distinctive feature of the series of infected cases is the weekly

7 days) periodicity which becomes apparent from 𝑡 > 200 (Oct. 2020),

hen the second wave of the pandemic started. This cycle is the result

f the regularization of the monitoring process and data collection by

ealth authorities. About the significant outlier (greater than 5 σ) which

s present in Fig. 1 d, at 𝑡 = 120 , it may be the result of a data counting

rror; therefore, its corresponding observation could be replaced by the

verage ( 𝑌 𝑡 −1 + 𝑌 𝑡 +1 )∕ 2. 

The main goal of this paper is to identify the social and physical fac-

ors that favor or contrast the spread of the CoViD pandemic. Following
2 
he indicators of Table A , we consider four main groups of exogenous

ariables 𝑋 𝑗𝑡 , such as: 

1) Spatial factors: new CoViD cases in the contiguous cities of Lodi and

Bergamo; 

2) Authority measures: Vaccination rate, Restriction levels, urban Traf-

fic; 

3) Social indicators: Public Internet usage, as a proxy of the social dis-

tancing; 

4) Climatic variables: Temperature, Humidity, Rain, Wind, Pressure

and Solar irradiance; 

5) Pollution variables: PM 10 , PM 2.5 , NO 2 and O 3 (as daily averages). 

All variables are listed in detail in Table 1 ; their data are collected

rom the Internet sites of the national health authority, local municipal-

ty and regional environmental agency. A set of these data is plotted in

ig. 2: they show nonstationary patterns as Fig. 1 a,b; for this reason,

hey are also transformed in logarithm. 

. Statistical methods 

.1. Model representation 

The typical feature of a time series 𝑌 𝑡 is the presence of autocorrela-

ion (ACR); this represents the dependence of the series on its past values

 𝑡 − 𝑘 . This relationship has the meaning of memory of the data generating

rocess and is useful for forecasting future values 𝑌 𝑡 + ℎ . Besides, it must

e adequately represented in regression models as 𝑌 𝑡 = 𝛼 + 𝛽𝑋 𝑡 + 𝑒 𝑡 , in

rder to get unbiased estimates of the parameters 𝛼, 𝛽 and their standard

rrors, which measure the dependence of 𝑌 𝑡 on the series 𝑋 𝑡 . 

ACR issues can be addressed by introducing lagged terms 𝑌 𝑡 − 𝑘 into

he models, thus obtaining the auto-regressive (AR) representation 

𝐴𝑅 ( 𝑝 ) ∶ 𝑌 𝑡 = 𝛼0 + 𝛼1 𝑌 𝑡 −1 + …+ 𝛼𝑝 𝑌 𝑡 − 𝑝 + 𝑒 𝑡 , 𝑒 𝑡 ∼ 𝐼 𝑁 

(
0 , 𝜎2 

𝑒 

)
, 

𝑌 𝑡 = 𝛼0 + 𝛼1 𝑌 𝑡 −1 + ⋯ + 𝛼𝑝 𝑌 𝑡 − 𝑝 + 𝑒 𝑡 , 𝑒 𝑡 ∼ IN (0 , 𝜎2 
𝑒 
) , 𝑡 = 𝑝 + 1 , ..., 𝑁, (1) 

here 𝑝 is the order of memory and 𝑒 𝑡 are independent Normal (IN)

esiduals. 

In the presence of an explanatory variable 𝑋 𝑡 , the model of

q. (1) can be further enriched with the lagged terms 𝑋 𝑡 − 𝑘 , obtaining

he so-called ARX model: 

𝑌 𝑡 = 𝛼0 + 

(
𝛼1 𝑌 𝑡 −1 + ⋯ + 𝛼𝑝 𝑌 𝑡 − 𝑝 

)
+ ... 

+ 

(
𝛿0 𝑋 𝑡 − 𝑑 + ⋯ + 𝛿𝑞 𝑋 𝑡 − 𝑑− 𝑞 

)
+ 𝑢 𝑡 , 

𝑢 𝑡 ∼ IN 

(
0 , 𝜎2 

𝑢 

)
, 𝑡 = 𝑑 + 𝑞 + 1 , ..., 𝑁, (2) 

here 𝑢 𝑡 ∼ IN ( 0 , 𝜎2 
𝑢 
) 𝑢 𝑡 are residuals, 𝑞 is the order of the exogenous

art and 𝑑 is the delay factor. The variance 𝜎2 
𝑢 
< 𝜎2 

𝑒 
is smaller than that

f 𝑒 𝑡 in Eq. (1) and the relative difference 𝐷 = 1 − 𝜎2 
𝑢 
∕ 𝜎2 
𝑒 

provides the

asis for the Granger causality. Instead, a measure of the causal impact

 𝑡 → 𝑌 𝑡 is provided by the sum of the regression coefficients 𝑔 = 

𝑞 ∑
𝑗=0 
𝛿𝑗 ,

hich may be positive or negative. 

.2. Parameter estimation 

Given a sample of 𝑁 observations 𝑌 𝑡 , 𝑋 𝑡 , the set of parameters

f the ARX model (2) 𝜷
′ = [ 𝛼0 , 𝛼1 … 𝛼𝑝 , 𝛿0 , 𝛿1 … 𝛿𝑞 ] can be estimated

ith ordinary least squares (OLS), by using the vector of regressors

 𝑡 = [ 1 , 𝑌 𝑡 −1 … 𝑌 𝑡 − 𝑝 , 𝑋 𝑡 − 𝑑 …𝑋 𝑡 − 𝑑− 𝑞 ] ′ as 

�̂�𝑁 = 

( 

𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝒙 
′
𝑡 

) −1 𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝑌 𝑡 , 

 𝑁 = 

( 

𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝒙 
′
𝑡 

) −1 

�̂�2 
𝑢 
, (3) 



C. Grillenzoni Hygiene and Environmental Health Advances 4 (2022) 100026 

Fig. 1. Daily new CoViD-19 cases in the Milan area from Feb. 24, 2020 to July 4, 2021 ( N = 497): Infected (blue), Hospitalized (red), Deaths (black). Panels: (a) 

Original series (with rescaled hospitalized and deaths); (b) Logarithm of the series: log ( 𝑌 𝑡 + 1 ) . (c, d) Residuals of AR models with bands ±2σ and histograms for 

comparison with the Normal density. 

w  

E  

𝜎  

e  

t  

p  

m  

𝑺  

w  

t  

𝑍

 

b  

o  

a  

t

𝜷

 

l  

d  

h  

p  

c  

p  

m  

r  

W  

t  

t

3

 

G  

t  

i  

N

w

s  

(

 

t  

i  

i  

t  

l  

𝑌

𝑔  

𝐺  
here 𝑺 𝑁 is the dispersion matrix of �̂�𝑁 . In real data, the process 𝑢 𝑡 of

q. (2) is usually heteroskedastic ; i.e. its variance 𝜎2 
𝑢 

is time-varying as
2 
𝑡 
. This yields inefficient estimates of the parameters 𝛼𝑖 , 𝛿𝑗 , and biased

stimates of their standard errors. It follows that statistical inference on

he model (2) is biased and so are the tests for causality. To solve this

roblem, one may adopt heteroskedastic consistent (HC) estimates of the

atrix 𝑺 𝑁 , by using �̂�2 
𝑡 
= �̂� 2 

𝑡 
and the sandwich matrix (see White 1980 )

 HC = ( 
𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝒙 
′
𝑡 
) 
−1 

( 
𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝒙 
′
𝑡 
�̂� 2 
𝑡 
) ( 

𝑁 ∑
𝑡 =1 

𝒙 𝑡 𝒙 
′
𝑡 
) 
−1 

. (4)

ith the diagonal entries 𝑆 𝑖𝑖 of the matrix (4), one may build asymp-

otically Normal statistics for evaluating the significance of estimates:
̂
 𝑖 = 𝛽𝑖 ∕ 

√
𝑆 𝑖𝑖 . 

When the non-stationarity also involves outliers (as in Fig. 1 c, d), ro-

ust statistical methods are necessary to avoid the, more severe, problem

f bias of the estimates �̂�𝑁 (see Huber 1981 p.155). The simplest robust

pproach is the M-type (maximum likelihood-type), which minimizes

he sum of a non-negative bounded function 𝜌( . ) of 𝑢 𝑡 , namely 

̂M 

= 𝑎𝑟𝑔 min 
𝑁 ∑
𝑡 =1 
𝜌

(
𝑌 𝑡 − 𝜷

′
𝒙 𝑡 

)
, 0 < 𝜌( 𝑢 ) < 𝑢 2 . (5) 

The loss function 𝜌( . ) involves a tuning coefficient that must be se-

ected according to the rate of outlier contamination. It is not uniformly

ifferentiable and, therefore, Eq. (5) must be minimized iteratively;

owever, it is smooth enough to allow for convergence even with over-

arametrized models. Accordingly, the standard errors of �̂�M 

may be

omputed as in Eq. (3) by using a robust estimate of 𝜎2 
𝑢 

(see Huber 1981 ,

.175). The mean absolute deviation (MAD) �̂�∗ 
𝑢 
= median ( |�̂� 𝑡 |)∕0 . 6745

ay underestimates 𝜎𝑢 , but provides a useful statistic for cleaning the

esiduals as �̂� ∗ = sign ( ̂𝑢 𝑡 )2 ̂𝜎∗ , when |�̂� 𝑡 | > 2 ̂𝜎∗ (see Grillenzoni 1997 ).

𝑡 𝑢 𝑢 

3 
ith the errors �̂� ∗ 
𝑡 
, one may compute the robust sum of squares and

he variance for the classical t, F -statistics; they could also be used in

he dispersion matrix (4). 

.3. Causality statistics 

The causality between two time-series 𝑋 𝑡 , 𝑌 𝑡 was firstly defined by

ranger (1969) and relies on their ARX representations (1)-(2). It states

hat 𝑋 𝑡 → 𝑌 𝑡 , if the variance reduction ( 𝜎2 
𝑒 
− 𝜎2 

𝑢 
) is significant. Assum-

ng that models are rightly specified (hence 𝑒 𝑡 , 𝑢 𝑡 are uncorrelated and

ormal), the test for causality can be based on the classical F -statistic 

𝐹 𝑋 = 

( ̂𝜎2 
𝑒 
− �̂�2 

𝑢 
) ∕ ( 𝑞 + 1 ) 

�̂�2 
𝑢 
∕ ( 𝑁 − 𝑑 − 𝑚 ) 

∼ 𝐹 ( 𝑞 + 1; 𝑁 − 𝑑 − 𝑚 ) , 

𝐹 𝑋 = 

( ̂𝜎2 
𝑒 
− �̂�2 

𝑢 
) ∕ ( 𝑞 + 1) 

�̂�2 
𝑢 
∕ ( 𝑁 − 𝑑 − 𝑚 ) 

∼ F( 𝑞 + 1; 𝑁 − 𝑑 − 𝑚 ) , (6) 

here 𝑚 = ( 2 + 𝑝 + 𝑞 ) . Equivalently, given the relationship between 𝑡, 𝐹 

tatistics, there exists causality 𝑋 𝑡 → 𝑌 𝑡 if at least one of the estimates

 ̂𝛿0 , 𝛿1 , … , 𝛿𝑞 ) in Eq. (2) is statistically significant. 

The approach proposed by Granger (1969) is predictive and based on

he capability of the series 𝑋 𝑡 to improve the forecasts of 𝑌 𝑡 . However,

t does not consider the actual impact (positive, null or negative) of the

nput on the output of the system (2). Following Box and Jenkins (1976) ,

his feature can be measured by the steady-state gain 𝐺, which is the

ong-term change in 𝑌 𝑡 + 𝑘 yielded by a unit step-change in 𝑋 𝑡 (that is

 ∞ = 𝐺 𝑋). It can be estimated as: 

̂ 𝑋 = 

(
𝛿0 + 𝛿1 + ⋯ + 𝛿𝑞 

)
, (7a)

̂
 𝑋 = �̂� 𝑋 ∕ 

(
1 − ̂𝛼1 − ⋯ − ̂𝛼𝑝 

)
, (7b)
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Table 1 

List of dependent (Y) and independent (X) variables used in the paper. 

Group Variable Description Source 

Y Dependent YI n. of Infected cases in Milan https://CoViD19.infn.it/ 

" YH n. of Hospitalized cases in Milan " 

" YD n. of Death cases if Milan " 

X1 Spatial YI Lodi n. of Infected cases in Lodi https://CoViD19.infn.it/ 

" YH Lodi n. of Hospitalized cases in Lodi " 

" YD Lodi n. of Death cases in Lodi " 

" YI Bergamo n. of Infected cases in Bergamo " 

" YH Bergamo n. of Hospitalized cases in Bergamo " 

" YD Bergamo n. of Death cases in Bergamo " 

X2 Authorit Vaccinations quote of vaccinated population (%) https://raw.githubusercontent.com/ 

" Restrictions Authority alert levels (1-5) https://ourworldindata.org/ 

" Traffic vehicles n. vehicles entering downtown https://dati.comune.milano.it/ 

X3 Internet HS download downloads in public hotspots (Gb) https://dati.comune.milano.it/ 

" HS upload uploads in public hotspots (Gb) " 

" HS users n. of users of public hotspots " 

" HS logins n. of accesses to public hotspots " 

X4 Meteo Sunlight n. of hours of sunlight https://it.climate-data.org/ 

" Temperature daily average temperature (C) https://www.ilmeteo.it/ 

" Humidity average relative humidity (pct) " 

" Wind average wind speed (km/h) " 

" Pressure average atmospheric pressure (mbar) " 

" Rain total precipitation (mm) " 

X5 Pollution PM 10 average particulate matter (μg/m 

3 ) https://www.arpalombardia.it/ 

" PM 2.5 average fine particles (μg/m 

3 ) " 

" NO 2 average nitrogen dioxide (μg/m 

3 ) " 

" O 3 average ozone level (μg/m 

3 ) " 

Fig. 2. Graphs of main explanatory variables: (a) Number of daily new infected cases in the nearby area of Bergamo; (b) Levels of authority restrictions (0-5) in the 

period; (c) Daily number of vehicles entering the central area of Milan; (d) Daily number of accesses to public WiFi hotspots (HS); (e) Daily average temperature; (f) 

Daily average level of PM 10 . 

4 

https://www.CoViD19.infn.it/
https://www.CoViD19.infn.it/
https://www.raw.githubusercontent.com/
https://www.ourworldindata.org/
https://www.dati.comune.milano.it/
https://www.dati.comune.milano.it/
https://www.it.climate-data.org/
https://www.ilmeteo.it/
https://www.arpalombardia.it/
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here 𝑔 is the short-term gain, which measures the instantaneous im-

act. 

The importance of these coefficients in the analysis of causality is

tressed in Grillenzoni (1997 , 2021 ), where an inferential framework is

efined for �̂� 𝑋 . Since the crucial role is played by the numerator (7a),

o test for the significance of the impact of 𝑋 𝑡 → 𝑌 𝑡 , one may use the

symptotically Normal statistic 

̂
 𝑔 = 

(
𝛿0 + 𝛿1 + ⋯ + 𝛿𝑞 

)
∕ 

( 

𝑞+1 ∑
𝑖 =1 

𝑞+1 ∑
𝑗=1 
𝑆 2 𝑖𝑗 

) 1∕2 

, (8)

here 𝑆 2 𝑖𝑗 are the entries in the lower-right block 𝑺 22 of the dispersion

atrix (4). 

.4. Models identification 

The first step in model building is the identification of the lag orders

 𝑝, 𝑞, 𝑑 ) of Eq. (2) . The log-transformation may reduce non-stationarity,

ut the dynamic of log ( 𝑌 𝑡 ) still remains complex, such that the polynomi-

ls of the models have an irregular (subset) structure, with many missing

oefficients 𝛼𝑖 , 𝛿𝑗 . Further, the AR components 𝛼𝑖 depend on both the

uto-correlation of 𝑌 𝑡 , and the cross-correlation between 𝑋 𝑡 , 𝑌 𝑡 , which

s complicated by the delay factor 𝑑 > 0 . In these cases, the identifica-

ion of ( 𝑝, 𝑞, 𝑑 ) cannot be pursued through the analysis of the correlation

unctions (see Box and Jenkins 1976 ) or the information criteria (as that

f Akaike), and the model building must be entirely parametric , such as:

Algorithm 1 : 

1) Select large orders ( 𝑝, 𝑞 ) , on the basis of the available data and a-

priori knowledge; 

2) Estimate the model (2) with p + q + 2 coefficients, with the robust

methods (4)-(5); 

3) Remove non-significant coefficients ̂𝛼𝑖 , 𝛿𝑖 when their statistics |�̂� 𝑖 | <
2 . 

In the presence of multiple factors 𝑋 𝑗𝑡 , 𝑗 = 1 , 2 , …𝑚 , which are

utually dependent, the causality analysis requires the application of

ultiple-inputs ARX m 

( p,q ) models, as 

 𝑡 = 𝛼0 + 

𝑝 ∑
𝑖 =1 
𝛼𝑖 𝑌 𝑡 − 𝑖 + 

𝑚 ∑
𝑗=1 

𝑞 ∑
𝑖 =0 
𝛿𝑗𝑖 𝑋 𝑗 𝑡 − 𝑑 − 𝑖 + 𝑢 𝑡 , (9)

The identification of the system (9) is challenging even with para-

etric methods; for example, with 𝑝 = 𝑞 = 𝑚 = 10 the model involves

21 coefficients. When there are many regressors, the backward step-

ise procedure (of selecting significant 𝑋 𝑗𝑡 − 𝑖 ) is biased upward, while

he forward approach provides estimates which depend on the order of

nclusion of 𝑋 𝑗𝑡 − 𝑖 . As a solution, we propose an extension of the above

lgorithm: 

Algorithm 2 : 

1) Assemble the m subset bivariate models, identified in Steps 1–3

above; 

2) Estimate the resulting model (9) with the robust methods (4)-(5); 

3) Remove non-significant coefficients �̂�𝑖 , 𝛿𝑗𝑖 with statistics |�̂� 𝑖 | < 2 . 
This approach has the capability of deleting the regressors 𝑋 𝑗𝑡 − 𝑖 

hich are related to 𝑌 𝑡 just because depend on other 𝑋 ℎ𝑡 − 𝑘 ; hence, it

nables to analyze the multivariate causality in a transparent way. Fur-

hermore, by keeping the size of the regression matrix low (as only sig-

ificant bivariate terms 𝑋 𝑗𝑡 − 𝑖 are included in the multivariate model),

he Algorithm may avoid the numerical problems of near-singularity of

he matrices in Eqs. (3) , (4) , which are typical of multicollinearity (see

rillenzoni 2021 ). 

. Statistical results 

Given the weekly periodicity of the confirmed CoViD infections, we

rst fit an AR( 𝑝 = 14) model to log ( 𝑌 𝐼 + 1 ) , obtaining only 7 significant
𝑡 

5 
oefficients �̂�𝑖 at lags: 1,2,5,6,7,9,11, with �̂�2 
𝑒 
= 0.345. The selection of

he order 𝑞 is complicated by the fact that the effect of social and phys-

cal factors on CoViD outbreaks is very complex and with long run. The

ean delay between infection and symptoms onset is about 1 week (like

hat from symptoms to hospitalization), while that from symptoms to

eath is about 3 weeks; see Table 2 , based on the review by Sutherland

t al. (2021) and Martinez et al. (2022) . Similarly, the delay of external

actors on infections should be 1-2 weeks, which is the time that people

eact/adapt to climate conditions and authority constraints. For these

easons, in the following we set 𝑝 = 14 and 𝑞 = 21-35, depending on the

oViD data (infected, hospitalized, deaths), see Table 2 . 

.1. Bivariate models 

Table 3 reports the causality statistics of ARX(14,21) models of the

oViD infected series in Fig. 1 and the exogenous variables in Table 1 .

ll series are expressed in logarithm and the models have been estimated

ith the robust method (5) with bisquare function 𝜌( 𝑢 ) and tuning coef-

cient 4.5; this allows 95% relative efficiency with respect to OLS. 

One may note that the role of climatic factors is weak or absent (tem-

erature, humidity, pressure, rain); the role of pollutants is significant

n terms of predictive statistics 𝐷, 𝐹 in Eq. (6) , but is weak with respect

o their impacts 𝑔, 𝐺 in Eq. (7). In particular, the ozone has a significant

egative effect on 𝑌 𝑡 , which may be consistent with the disinfectant ca-

ability of O 3 in indoor environments (e.g. Tizaoui et al. 2022 ). Major

ausality effects are provided by social factors, especially the neighbor-

ng areas of Bergamo and Lodi (but with different signs), together with

he rate of vaccinated people, the authority restrictions and the people’s

obility, both as vehicle traffic and access to public hotspots (HS) and

nternet usage. 

The results of Table 3 are substantially confirmed on the differenced

eries 𝑦 𝑡 = log ( 𝑌 𝑡 ) − log ( 𝑌 𝑡 −1 ) , on which the analysis may also be carried

ut. The reason is that the trends in the time series of Fig. 1 are not

arked (in particular, on the data expressed in logarithm), and the sta-

istical properties of estimators in Eqs. (3) –(5) still hold on the series

ith trends (see Granger 2012 and Grillenzoni 1998 ). In general, it is

referable to work directly on original data to have interpretable signs

f 𝛽𝑗 and gains 𝑔, 𝐺. 

.2. Multivariate models 

Results of Table 3 do not consider the mutual dependence of the re-

ressors 𝑋 𝑗𝑡 and of their lagged terms; the application of the multivari-

te system (9) is then necessary. Following the identification algorithm

f Section 3.4 (i.e. assembling the bivariate subset models of Table 3 ),

ields a system (9) with only 74 parameters, on which the backward

election procedure works without bias (see Grillenzoni 2021 ). Table 4

eports the estimates obtained with the estimator (5), with bisquare loss

nd coefficient 4.5. While in the bivariate models of Table 3 , OLS and

-estimates provide similar results, in the multivariate system (9) the

obust method identifies a model with − 40% of coefficients than OLS.

he most significant covariates in Table 4 are the social variables as

eighboring areas and mobility trends, both for vehicles and persons

these are the practical effects of authority restrictions). As regards the

ollution factors, only PM 2.5 and NO 2 are present in the model, but PM

as a negative impact, which means that PM may contrast CoViD infec-

ion; a feature which is also present in Sharma et al. (2021) . Instead, HS

ariables have the right signs, as WiFi upload activity is related to peo-

le smart working (based on public HS services), whereas the number

f logins is related to outdoor people. 

As regards the evaluation of the model fitting in Table 4 , the ro-

ust index 𝑅 

2 = 1 − �̂�2 
𝑢 ∗ ∕ ̂𝜎

2 
𝑌 ∗ = 0.819 is obtained from the series �̂� ∗ 

𝑡 
, 𝑌 ∗ 
𝑡 

leaned by outliers with the 2 𝜎 rule and their MAD statistics (see

ection 3.2 ). Further, the overall contribution of the exogenous vari-

bles 𝑋 𝑗𝑡 − 𝑖 (with respect to the simple AR model of 𝑌 𝐼 𝑡 ) is provided by

he statistic 𝐹 𝑋 = 8.62 > 2.07 = F 0.01 (16,453), which is 99% significant.
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Table 2 

Summary of the delays (in number of days) between CoViD pandemic events. 

Events Medians’ Range Mean Order q Data 𝑌 𝑡 

External Causes to Infection 1-7 5 . . 

Infection to Symptoms onset 1-14 5.5 21 Infected 

Symptoms to Hospitalization 1-6.7 5 . . 

Symptoms to ICU 6-10.5 7 28 Hospitalized 

Symptoms to Death 14-56 17.5 . . 

ICU to Death 7-12.5 9 35 Deaths 

Table 3 

Causality statistics of ARX(14,21) models (2) of the infected (I) CoViD series 𝑌 𝐼 𝑡 on social and 

environmental factors 𝑋 𝑗𝑡 described in Table 1 . 

𝑋 𝑗 𝐷 𝜎 𝑚 𝑋 𝐹 𝑋 F 0.01 p -val �̂� 𝑋 �̂� 𝑔 p -val �̂� 𝑋 

𝑌 𝐼 Lodi 0.185 6 20.901 3.057 0.000 0.102 3.314 0.000 0.879 

𝑌 𝐼 Bergamo 0.133 6 17.778 3.360 0.000 -0.017 -0.696 0.243 -0.833 

Vaccinations 0.046 6 3.723 2.841 0.001 -0.371 -0.959 0.169 -12.633 

Restrictions 0.037 3 18.183 6.689 0.000 -0.216 -2.859 0.002 -38.420 

Traffic vehic 0.176 5 19.712 3.057 0.000 0.071 2.129 0.017 2.200 

HS downl. 0.008 2 2.016 4.651 0.134 -0.020 -0.881 0.189 -0.554 

HS upload 0.013 2 3.003 4.651 0.051 -0.080 -1.378 0.084 -2.131 

HS n. users 0.117 7 10.242 2.841 0.000 0.200 2.855 0.002 11.279 

HS n. logins 0.093 6 9.443 3.057 0.000 0.166 2.012 0.022 8.538 

Sunlight 0.019 1 8.981 6.689 0.004 -0.254 -3.307 0.000 -3.466 

Temperature 0 0 0 0 1 0 0 1 0 

Humidity 0 0 0 0 1 0 0 1 0 

Wind 0.042 5 4.108 3.057 0.001 -0.097 -1.341 0.090 -2.535 

Pressure 0 0 0 0 1 0 0 1 0 

Rain 0 0 0 0 1 0 0 1 0 

PM 2.5 0.021 3 5.109 4.651 0.006 0.057 1.421 0.078 1.174 

PM 10 0.025 3 3.992 3.824 0.008 0.078 1.766 0.039 1.694 

NO 2 0.115 5 9.974 2.841 0.000 0.207 2.958 0.002 3.414 

O 3 0.018 1 8.383 6.689 0.004 -0.049 -2.377 0.009 -0.931 

Legend: 𝐷 𝜎 = 1 − ̂𝜎2 
𝑢 
∕ ̂𝜎2 

𝑒 
is the % reduction of the residual variance due to 𝑋 𝑡 ; 𝑚 𝑋 is the number of 

95% significant regressors 𝑋 𝑗𝑡 − 𝑖 ; the causality indicators 𝐹 𝑋 , �̂� 𝑋 , �̂� 𝑔 are explained in Eqs. (6) –(8) . 

The p -values are one-sided even for Z -statistics and the characters in bold indicate very significant 

results. 

Table 4 

Robust estimates of the model (9) on 𝑌 𝐼 𝑡 = CoViD infected data, with m = 19 covariates and orders 

p = 14, q = 21. Only 95% significant coefficients 𝛽𝑙 are reported (i.e. |�̂� 𝑙 | > 1 . 96) . 
𝑋 𝑗𝑡 − 𝑖 lag i 𝛽𝑙 �̂� 𝑙 p -val. �̂� 𝑗 �̂� 𝑔 p -val. 

Const. 0 -0.641 -1.302 0.096 

𝑌 𝐼 𝑡 −1 1 0.240 6.689 0.000 

𝑌 𝐼 𝑡 −2 2 0.247 6.727 0.000 

𝑌 𝐼 𝑡 −3 3 0.170 4.589 0.000 

𝑌 𝐼 𝑡 −6 6 0.095 2.704 0.003 

𝑌 𝐼 𝑡 −7 7 0.271 7.200 0.000 

𝑌 𝐼 𝑡 −11 11 -0.101 -3.333 0.000 

𝑌 𝐼 Lodi 0 0.123 5.919 0.000 . . 

𝑌 𝐼 Lodi 17 -0.041 -2.222 0.013 0.083 2.980 0.001 

𝑌 𝐼 Berg. 0 0.124 5.602 0.000 . . . 

𝑌 𝐼 Berg. 7 -0.060 -2.519 0.006 . . . 

𝑌 𝐼 Berg. 9 -0.058 -2.675 0.004 . . . 

𝑌 𝐼 Berg. 10 -0.051 -2.204 0.014 -0.046 -1.009 0.156 

Traffic 1 0.133 2.823 0.002 . . . 

Traffic 4 -0.206 -3.979 0.000 . . . 

Traffic 5 -0.275 -3.955 0.000 . . . 

Traffic 12 0.308 5.661 0.000 -0.040 -0.355 0.351 

HS upload 11 -0.107 -2.597 0.005 -0.107 -2.597 0.005 

HS logins 15 0.171 2.802 0.003 0.171 2.802 0.003 

Wind 6 0.107 2.620 0.004 0.107 2.620 0.004 

PM 2.5 8 0.093 2.482 0.007 . . . 

PM 2.5 9 -0.135 -3.607 0.000 -0.042 -0.784 0.217 

NO 2 1 0.121 2.572 0.005 0.121 2.572 0.005 

Indices �̂�2 
𝑢 ∗ 
= 0.273 R 2 = 0.819 𝐹 𝑋 = 8.62 F 0.01 = 2.07 p -value 0.000 

Legend : �̂�2 
𝑢 ∗ 

is the robust residual variance; 𝐹 𝑋 is the statistic of the global contribution of all 𝑋 𝑗𝑡 − 𝑖 ; 

�̂� 𝑗 = 
∑
𝑖 

𝛿𝑗𝑖 are the gains of the 𝑋 𝑗𝑡 present in the final model (9), computed as in Eqs. (7a) and (8) . 

6 
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Table 5 

Robust estimates of the model (9) on 𝑌 𝐻 𝑡 = CoViD hospitalized (H) data, with m = 19 covariates 

and lag orders p = 14, q = 28. Only 95% significant regressors are reported. 

𝑋 𝑗𝑡 − 𝑖 lag i 𝛽𝑙 �̂� 𝑙 p -value �̂� 𝑗 �̂� 𝑔 p -val. 

Const. 0 -1.167 -3.403 0.000 

𝑌 𝐻 𝑡 −1 1 0.424 11.245 0.000 

𝑌 𝐻 𝑡 −2 2 0.103 2.793 0.003 

𝑌 𝐻 𝑡 −3 3 0.228 6.088 0.000 

𝑌 𝐻 𝑡 −4 4 0.186 4.691 0.000 

𝑌 𝐻 𝑡 −9 9 0.183 4.876 0.000 

𝑌 𝐻 𝑡 −14 14 -0.113 -3.969 0.000 

𝑌 𝐻 Lodi 2 -0.044 -2.432 0.008 . . . 

𝑌 𝐻 Lodi 16 -0.038 -2.294 0.011 -0.082 -3.34 0.000 

Vaccination 8 -64.295 -3.144 0.001 . . . 

Vaccination 9 66.867 3.072 0.001 . . . 

Vaccination 23 -93.925 -4.411 0.000 . . . 

Vaccination 25 221.863 4.140 0.000 . . . 

Vaccination 26 -130.567 -3.627 0.000 -0.575 -1.23 0.021 

Traffic 0 0.287 6.369 0.000 . . . 

Traffic 1 -0.250 -6.186 0.000 . . . 

Traffic 4 -0.083 -2.745 0.003 . . . 

Traffic 14 0.161 4.988 0.000 0.115 1.75 0.041 

Indices �̂�2 
𝑢 ∗ 
= 0.238 R 2 = 0.821 𝐹 𝑋 = 7.05 F 0.01 = 2.29 p -value 0.000 

Legend : see Tables 3 and 4 . 

Table 6 

Robust estimates of the model (9) on 𝑌 𝐷 𝑡 = CoViD deaths (D) data with m = 19 covariates and orders 

p = 14, q = 35. Only 99% significant regressors are reported. 

𝑋 𝑗𝑡 − 𝑖 lag i 𝛽𝑙 �̂� 𝑙 p -value �̂� 𝑗 �̂� 𝑔 p -val. 

Const. 0 1.101 4.194 0.000 

𝑌 𝐷 𝑡 −1 1 0.204 4.938 0.000 

𝑌 𝐷 𝑡 −3 3 0.131 3.268 0.001 

𝑌 𝐷 𝑡 −4 4 0.373 9.115 0.000 

𝑌 𝐷 𝑡 −5 5 0.226 5.357 0.000 

𝑌 𝐷 Bergamo 6 0.084 2.706 0.003 0.084 2.706 0.003 

Vaccination 2 -136.805 -3.334 0.000 . . . 

Vaccination 3 177.169 3.705 0.000 . . . 

Vaccination 10 -272.755 -4.042 0.000 . . . 

Vaccination 11 275.392 3.830 0.000 . . . 

Vaccination 15 -144.985 -3.484 0.000 . . . 

Vaccination 17 171.709 4.012 0.000 . . . 

Vaccination 21 -105.507 -4.058 0.000 . . . 

Vaccination 30 228.340 3.090 0.001 . . . 

Vaccination 31 -192.903 -2.876 0.002 -0.345 -1.32 0.093 

Restrictions 22 -0.352 -3.890 0.000 -0.352 -3.890 0.000 

Sunlight 16 -0.288 -3.035 0.001 -0.288 -3.035 0.001 

Indices �̂�2 
𝑢 ∗ 
= 0.431 R 2 = 0.653 𝐹 𝑋 = 2.89 F 0.01 = 2.22 p -value 0.001 
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In the estimation of the model (9) on hospitalized (H) CoViD cases,

e extend the order q to 28 days as hospitalization involves longer de-

ay and dynamics (see Table 2 ). We also exclude from the covariates

he series of infected CoViD people 𝑌 𝐼 𝑡 (as 𝑌 𝐻 𝑡 is its subset) to better

nderstand the role of exogenous factors. Table 5 provides robust esti-

ates; the major fact is that all environmental covariates do not enter

he model, while the rate of vaccinated people has an important role,

ith high delay and cumulated negative impact. This confirms the role

f vaccination to avoid hospitalization; while the traffic variable con-

rms its positive role, as indicates that people meet and may contami-

ate. The global fitting performance is as good as that in Table 4 . Finally,

e have also checked that these results do not substantially change by

lso including the infected CoViD series (of Milan, Lodi, Bergamo) in

he model. 

Table 6 provides the model of the death (D) CoViD series 𝑌 𝐷 𝑡 , with

ag order q = 35 days and by excluding infected and hospitalized series

rom the covariates, to better understand the role of exogenous vari-

bles. The estimates stress the importance of the vaccination campaign,

hose dynamic effects are complex but overall negative on deaths (with

lobal gain �̂� 𝑁 = − 5.06), hence positive on surviving. There are other

inor covariates with positive effects on survival, such as authority re-

m  

7 
trictions and solar irradiance, that occur with 2-3 weeks delay. As in

able 5 , the great absents from the model are climatic (except sunlight)

nd pollution factors. Although weaker than previous cases, the model

f 𝑌 𝐷 𝑡 has an acceptable global fitting performance with 𝑅 

2 = 0.65 and

9% significant statistic 𝐹 𝑋 . 

.3. Main findings 

Table 7 summarizes, in analogical form, the main results of Tables

–6 and extends the bivariate analysis to the series 𝑌 𝐻 𝑡 , 𝑌 𝐷 𝑡 . The sig-

ificance symbols ( ∗ ) concern the statistic 𝐹 𝑋 (6) of models (2) and

he Normal statistics �̂� 𝑙 of parameters 𝛽𝑙 in the multivariate model (9).

he sign symbols ( ± ) regard the gains �̂� 𝑗 (7a) when they are signif-

cant: |�̂� 𝑔 | > 1 . 96 ; a question mark is added when the sign does not

gree with the mainstream contagion hypothesis. For example, wind

nd ozone should have positive signs as may “carry ” the viruses (e.g.

elosi et al. 2021 ); however, also the opposite thesis can be stated as

hey "clean" the air. 

Table 7 can be read both by columns (models) and rows (covariates).

y columns, one can see that bivariate models (2) are relatively ho-

ogenous on the 3 dependent variables 𝑌 and identify various sources
𝑡 
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Table 7 

Synthesis of the estimates in Tables 3–6 , with indicators of fitting ( ∗ ) and impact ( ± ). 

Group 𝑋 𝑗𝑡 \ Model 𝑌 𝐼 𝑡 (2) 𝑌 𝐻 𝑡 (2) 𝑌 𝐷 𝑡 (2) 𝑌 𝐼 𝑡 (9) 𝑌 𝐻 𝑡 (9) 𝑌 𝐷 𝑡 (9) 

X1 Spatial Y-Lodi ∗ ∗ ∗ + − − ∗ ∗ + ∗ − 
" Y-Bergamo ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ + 
X2 Authorit. Vaccinations ∗ ∗ ∗ ∗ ∗ ∗ ∗ 

" Restrictions ∗ ∗ ∗ − ∗ ∗ − − − ∗ − 
" Traffic vehic. ∗ ∗ ∗ + ∗ ∗ ∗ + + ∗ ∗ ∗ ∗ 

X3 Internet HS download 

" HS upload ∗ ∗ − 
" HS n. users ∗ ∗ + ∗ ∗ ++ ∗ + 
" HS n. logins ∗ ∗ + ∗ ∗ ++ + ∗ + 
X4 Meteo Sunlight ∗ − ∗ − ∗ ∗ ∗ − 
" Temperature 

" Humidity ∗ + 
" Wind ∗ − ? − ? ∗ + 
" Pressure 

" Rain ∗ + 
X5 Pollution PM 10 

∗ ∗ 

" PM 2.5 
∗ ∗ ∗ 

" NO 2 
∗ ∗ + ∗ ∗ + ∗ + ∗ + 

" O 3 
∗ − ? ∗ − ? 

Legend : ( ∗ ) Significance of the F -statistic (6) in the models (2) of Table 3 , and Z -statistics of 

parameters in the models (9) of Tables 4–6 . ( ± ) Sign of the 95% significant Z g -statistic (8); the 

question mark mean that the sign of the gain g does not agree with the mainstream contagion 

hypotheses. 
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f causality. Instead, when fitting multivariate models (9), the number

f significant covariates drastically reduces. This is due to the fact that

ome relationships between 𝑋 𝑗𝑡 , 𝑌 𝑡 are indirect, as induced by the de-

endence among the 𝑋 𝑗𝑡 , and the robust subset algorithms of Sect. 3.4

re effective in removing them. The final outcome is the predominance

f social factors over the physical ones, especially in the hospitalized

nd deaths series. These also prove the efficacy of the undertaken pub-

ic health measures. 

To clearly evaluate the effect of the exogenous variables on the

oViD worst cases, we have omitted the infection series YI in the mod-

ls of hospitalized and death cases YH, YD ; in fact, these series are just

ubsets of YI (see Fig. 1 a, b). However, YI also regards the monitor-

ng activity of health authorities and the people’s behavior (through the

umber of swabs made); hence, YI could have a prevention role in pan-

emic worst cases. However, we have checked that the inclusion of YI

n the multivariate models for YH, YD does not substantially modify the

stimates in Tables 5–6 . 

. Discussion and conclusion 

.1. Comparisons 

Recent studies on the analysis of causality between CoViD

nd environmental time series may be grouped according to the

ype of covariates 𝑋 𝑗𝑡 and models they use. In the first group,

elnevo et al. (2020) , Zheng et al. (2021) , Martinez et al. (2022) con-

ider pollution indicators (as X5) and use classical AR models; while

arkodie et al. (2020) , D’Albis et al. (2021) , Sharma et al. (2021) fo-

us on climatic conditions (as X4) and dynamic panel-data models.

n the second group, Magyar et al. (2021) , García et al. (2021) , Sato

t al. (2021) consider social interaction indicators based on Internet

as X3); while Habib et al. (2021) , Li et al. (2021) , Mastakouri and

chölkopf (2020) use real mobility and authority restrictions data (as

2). Table A in the Appendix summarizes their technical features and

onfirms the existence of causality between CoViD pandemic and vari-

us environmental conditions. However, their findings may be affected

y the data quality (short time series), model misspecification (small

ag-orders and bivariate models), non-stationarity of residuals (het-

roskedastic and with outliers) and the absence of health policy mea-

ures. 
8 
Compared to these works, the improvements of our study consist of

sing: 

1) Complete dataset with 3 dependent and 19 independent factors,

grouped in 5 categories; 

2) ARX models with long memory and large dimensions, which host all

19 covariates and their lags; 

3) Robust estimators, resistant to outliers, and algorithms for subset

model identification. 

When properly applied, these solutions provide unbiased estimates

f the causality indicators; hence, the empirical results of Section 4 can

e evaluated with confidence: 

1) Spatial factors : Due to the spatial autocorrelation, the CoViD se-

ries of neighboring areas have an important role in the spread of a

pandemic. Lodi and Bergamo have intense social and economic ex-

changes with Milan, through commuter workers. When the outbreak

started, the first identified case was in Lodi, while the first deadly

wave (mainly in the elderly hospices) was in Bergamo (see Fig. 2 a).

From the regional ICU place planning, the 3 cities have also ex-

changed hospitalized patients, and therefore deaths. Table 7 shows a

significant role of the neighboring series on that of Milan, which also

persists in the multivariate models (9). This result agrees with the

studies which have used panel data models, that include the spatial

autocorrelation of CoViD series in order to filter the confounding fac-

tors of causality; see Sarkodie et al. (2020) , D’Albis et al. (2021) and

Sharma et al. (2021) . 

2) Authority measures : These variables deal with one of the main ques-

tions in the CoViD research: Are restrictions by health authorities

effective in contrasting the pandemic? From Table 7 , the answer is

positive, both in bivariate and multivariate models (9). Alarm lev-

els, mobility restrictions and vaccination campaigns are the major

factors that influence (and control) the CoViD spread in Milan city.

In particular, the role of vaccinations is enhanced in the multivari-

ate models of the crucial series 𝑌 𝐻 𝑡 , 𝑌 𝐷 𝑡 . The cited papers did not

consider vaccination, as they concerned the initial period of the pan-

demic, but the role of alarm levels and mobility trends are significant

in Li et al. (2021) , Mastakouri and Schölkopf (2020) and García-

Cremades et al. (2021) and Habib et al. (2021) . 

3) Internet usage : To have indicators of smart working and social dis-

tancing (i.e. the actual fulfillment of authority restrictions), we have
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considered Internet data on the use of free WiFi nets of municipal

hotspots. The total gigabyte flows in download and upload are not

significant for the CoViD series, and are not indicators of smart work-

ing; instead, the number of users and logins are very significant at

the bivariate level and may be actual measures of social distanc-

ing and lockdown fulfillment. This result agrees with the analysis

Magyar et al. (2021) and Sato et al. (2021) ; but it considerably weak-

ens when is inserted into the multivariate models for the presence

of cofactors, such as vehicular traffic and alarm levels (group 2). 

4) Climatic conditions : The hypothesis that the CoViD pandemic depends

on climatic conditions is widely debated in environmental studies;

however, as shown in Table A , the findings are not homogeneous.

We considered 6 weather indicators that may act on CoViD time

series either directly (as carriers of the virus, as the wind) or indi-

rectly (through people gathering, as the cold). In Table 7 , both bi-

variate and multivariate models agree to show that only the solar ac-

tivity acts on (and against) the pandemic, while the sign of the wind

impact is not uniform. Using different models, Lolli et al. (2020) ,

Sarkodie et al. (2020) , D’Albis et al. (2021) find that humidity and

temperature cause CoViD series, but with different signs. Instead,

Zheng et al. (2021) did not find causality of all climatic factors in

the main cities of China. 

5) Pollution conditions: Even the role of air pollutants is widely debated,

either as direct (virus carriers) or indirect (immune depressive)

causes of a pandemic. The four typical indicators in Table 7 show

a significant role in the bivariate models, but their effects vanish

in the multivariate systems, for the prevailing force of other covari-

ates, such as vehicle traffic and wind. Even the sign of the pollu-

tant impacts generates doubts, given the negative effects of O 3 and

PM 2.5 (in Table 4 ) on the CoViD series, which were also found by

Sharma et al. (2021) and Tizaoui et al. (2022) . However, many au-

thors did not use multivariate models and did not indicate the sign

of the impacts, e.g. Delnevo et al. (2020) and Martinez et al. (2022) .

In summary, our numerical results show the supremacy of the so-

ial covariates over the physical ones in explaining the dynamic of the

oViD pandemic in Milan. In particular, the major neighboring cities,

he alarm levels ( Fig. 2 b, where the maximum value corresponds to the

otal lockdown), the access of vehicles to downtown ( Fig. 2 c), the public

otspot usage ( Fig. 2 d, as indicators of social distancing), significantly

xplain the spread of the CoViD infection ( Tables 3 , 4 ). Further, direct

edical measures, such as the vaccination rate, contrast both hospital-

zations and deaths ( Tables 5 , 6 ); this is a clear statistical evidence of

he effectiveness of the public health measures undertaken by Italian

uthorities. 

As regards the combined effect of physical factors, we have seen that

limatic and pollution variables are absent or weak in the global models

 Tables 4–6 ). This result contrasts with the findings of some studies in

able A , especially those based on panel models (which combine the

ata of non-homogeneous regions), those with a short period of time (i.e.

mall sample size), and those with small lag orders p,q (with consequent

odel misspecification). Further, as shown in some studies in Table A ,

he sign of the coefficients of physical variables may not agree with

hat expected from their common-sense relationships. This is the case,

or example, of the negative effect of PM on the CoViD infected cases,

hich is also present in Table 4 . The fact that pollution variables weaken

heir effect in the joint models (and their impact may change sign with

espect to Table 3 ), is probably due to their correlation with the vehicle

raffic, whose volume strongly depends on the authority restrictions. 

.2. Conclusions 

The topic of the relationships between CoViD spread and social and

nvironmental conditions is widely debated in the literature, both theo-

etically and empirically, and is important to set up control actions. Sta-

istical methods are used to test for the existence of causality, as those
9 
ased on time-series models. Our study has concerned the urban area of

ilan which was the epicenter of the first CoViD outbreak in Italy, dur-

ng the period 2020–2021. Although specific, this area holds millions of

eople and is homogeneous; the dataset is comprehensive as the number

f periods is about 500 and the number of variables is 20. 

Owing to robust estimation methods and subset identification algo-

ithms we have obtained multivariate AR models which exhibit the pre-

ominance of social factors and public health measures over climatic

nd pollution conditions. This proves the validity of the actions under-

aken by the Italian authorities, such as: borders lockdown, mobility

imitations, smart working, closure of activities, social distancing, hy-

ienic behavior, etc. These are non-medical preventive measures that

ave, however, important costs on social and economic activities and

ad to be carefully managed. 

More importantly, our study has shown the role of vaccines and vac-

ination campaigns in reducing hospitalizations and deaths, and thus in

efeating the CoViD pandemic. This is is important evidence against the

isinformation carried out by no-vax and skeptical movements. By the

ay, the role of statistics is finding objective signals in complex phe-

omena ( Appendix A1 Appendix A2 , Eqs. (7b ), (9 )). 
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ppendix. Literature review 

Table A summarizes the main features of the studies which apply

he analysis of Granger causality to CoViD pandemic and environmental

ime series. It displays a variety of models and results which can be

lassified into two broad groups, according they use physical (climate

nd pollution) or social (human interactions and mobility) covariates.

n general, they show the existence of statistical dependence, but there

re limitations due to the short observation period (few months) and

he high spatial aggregation (at the country level) of the datasets. Also,

he models used have small lag orders and are mainly fitted at bivariate

evel (with one covariate at time). Further, the analysis of residuals of

egression is not displayed, for checking the presence of outliers which

ake parameter estimates and test statistics biased. 

.1. Physical factors 

One of the first works was carried out by Delnevo et al. (2020) on a

imited temporal (3 months) and spatial (a region) scale in Italy. They

etect a significant dependence between daily air pollutants (PM 2.5 ,

M 10 , NO 2 ) and daily new CoViD-19 infections, either in the pre- or
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Table A 

Main technical features of the studies which apply Granger causality to CoViD data. 

Authors Space span Time span CoViD variables Covariates Model type Lag order Conclusions 

Delnevo et al. (2020) 9 cities, 1 

region, Italy 

daily, Feb-Apr, 

2020 

Infected Pollutants PM, 

NO 2 

bivariate AR 14. Causality of PM and Infections, pre- 

and post- lockdown ( Tables 4 , 6 ) 

Zheng et al. (2021) 265 cities, China daily, Jan-Feb, 

2020 

Infected PM, AQI and 

Meteo 

bivariate AR 3. Non causality of Meteo data on 

Infections in the main cities ( Table 4 ) 

Martinez et al. (2022) 

2 cities, GR, IR daily, Mar-Oct, 

2020 

Infected and 

Deaths 

proxy PM 2 . 5 bivariate AR 30. Significant uni-directional causality 

PM25 on deaths ( Table 1 ) 

Sarkodie et al. (2020) 20 countries daily, Jan-Apr, 

2020 

Infected, 

Hospitalized, 

Deaths 

Meteo (temp, 

hum, wind, etc.) 

dynamic panel 

with 

fixed-effects 

NA Significant Causality of all meteo 

variables on all CoViD ( Tables 3 , 4 ) 

Sharma et al. (2021) 10 countries daily, Feb-Jun 

2020 

Infected and 

Deaths 

all Meteo and 

Pollutants 

dynamic panel 

with 

fixed-effects 

NA Non-causality betwen PM, wind and 

the Deaths ( Tables 7 , 8) 

D’Albis et al. (2021) 54 regions, 

France 

weekly, Mar 

2020, Jan 2021 

Hospitalized and 

Deaths 

Temp, Hum, 

PM, NO 

dynamic panel 

and multivariate 

AR 

3. Causality of meteo, but not of 

pollution (Table A3) 

Magyar et al. (2021) 3 countries daily, Mar-Dec 

2020 

Deaths Social Media 

Indicators 

multivariate AR 2. Bi-directional causality of Entry 

counts and Deaths ( Table 3 ) 

Sato et al. (2021) 9 countries weekly, Jan-Oct 

2020 

Infected 54 Google 

search keywords 

multivariate AR 4-8. Only "loss of smell" keyword present 

in all countries ( Table 3 ) 

Mastakouri and 

Schölkopf (2020) 

12 regions, 

Germany 

daily, Jan-May 

2020 

Infected Restrictions and 

Contiguity 

dynamic 

graphycal model 

NA Strong causal role of spatial 

intercations (Fig. 3) 

Habib et al. (2021) 10 countries daily, Mar-Jul 

2020 

Infected Index of 

transport 

mobility 

nonlinear by 

quantiles 

1. Bi-directional causality at all 

quantilies ( Table 3 ) 

García et al. (2021) Spain daily, Jul 2020, 

Jan 2021 

14-day 

cumulative 

incidence 

6 Google 

mobility indices 

bivariate AR 5-14. Causality from recreation, parks, 

stations mobility ( Table 6 ) 

Li et al. (2021) 50 US states daily, Mar-Aug 

2020 

Infected and 

Deaths 

19 

socio-economic 

and mobility 

bivariate AR NA Causality from various variables in 

various US states ( Tables 2 , 3 ) 
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ost- lockdown periods. Instead, Zheng et al. (2021) analyzed the time

eries of 265 cities in China in the short period Jan-Feb 2020. They find

hat the number of confirmed CoViD cases is weakly correlated with air

uality indicators (AQI and PM), whereas the Granger dependence on

eteorological factors (such as temperature) varies geographically. 

Further, D’Albis et al. (2021) use a dynamic panel model with spe-

ific regional and temporal fixed effects on the data of 54 French regions

nd 42 weeks. They show the existence of Granger causality between a

omposite indicator of temperature and humidity (IPTCC) on the num-

er of hospitalized and death cases in the period Mar 2020 - Jan 2021.

owever, they find the absence of causality between pollution indica-

ors (particulate, ozone and nitrogen) when measured jointly with the

omposite climatic indicator ( D’Albis et al., 2021 , Table A3). They also

stimate the impact of climatic factors with the dynamic multipliers of

 multivariate AR model; obtaining a positive response of temperature

nd IPTCC on both CoViD indicators (this means that CoViD pandemic

preads in France, as the temperature increases). 

Similarly, Sarkodie and Owusu (2020) employ a dynamic panel-data

odel with specific fixed effects to deal with country heterogeneity and

pply the panel Granger test of Dumitrescu and Hurlin (2012) to con-

rol cross-section dependence between countries due to common shocks.

hey find a significant Granger causality between climatic indicators

nd all CoViD daily data (infected, hospitalized and deaths) of 20 top

ountries in the period Jan-Apr 2020. However, the model exhibits dif-

erent signs of the instantaneous elasticities with respect to the 3 depen-

ent variables and they conclude that high temperature and relative hu-

idity reduce cases, whereas the others favor virus survival and hence

nfectivity. 

Even Sharma et al. (2021) use a dynamic panel data model with

ross-sectional dependence and heterogeneity effects ( Chudik and Pe-

aran, 2015 ), on the daily data of the 10 most infected countries in

he period Feb-June 2020. They find bi-directional Granger causality be-

ween climatic and pollution variables and the number of infected and

eath cases applying the test by Dumitrescu and Hurlin (2012) . The

ole exceptions are PM 2.5 and wind variables, which may be attributed
10 
o lockdown measures. However, it is difficult to understand the nega-

ive elasticity of PM 2.5 on the CoViD series and the feedback of these on

ther climate variables. 

.2. Social factors 

Regarding social causes, Magyar et al. (2021) , analyze the effect of

ocial and internet indicators on the number of infected and deaths of

oViD-19. They consider daily data from Mar-Dec 2020 of 3 countries

US, Spain and Hungary) using as covariates mobility restrictions, inter-

et traffic and sentiment indicators derived from social media. Using a

ultivariate AR model of lag-order 2, they find that the relationship be-

ween internet data and epidemiological indicators is bi-directional. In

articular, the Twitter entry count has a positive sign on CoViD deaths

perhaps as a consequence of anti-mask initiatives) and was stronger

uring the first pandemic wave and Spain. Instead, a minor role is played

y authority restrictions and people’s sentiments. 

Habib et al. (2021) investigate the relationship between CoViD infec-

ions and the mobility of people in 10 countries, in the period Mar-Jul

020. A synthetic transportation index is obtained from the principal

omponent analysis of 3 main series: private driving, public transport

nd people walking. Their modelling is nonlinear and is applied to 19

uantiles of the CoViD and transport series of each country; a positive

i-directional association is detected in nearly all quantiles, with the

xception of France (see their Table 2 ). 

Mastakouri and Schölkopf (2020) investigate the effect/efficacy of

estriction policies by health authorities on the spread of CoViD pan-

emic in Germany. They consider the number of reported infections in

he period Jan-May 2020 of 12 federal states and build 9 indicators

f public restrictions (such as closure of activities, ban of gatherings,

tc.) which are defined as binary step-variables. The modeling is done

or each state by considering the dependence on neighbors and using a

raphical algorithm to detect direct causal factors, avoiding confound-

ng ones. The main findings are that regional interactions have a major

ole in explaining the pandemic spread, whereas the effect of internal
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estrictions is minor and varies at the local level. However, they claim

hat states that timely close schools, less influence the others. 

Li et al. (2021) study the effects of 19 social-economic variables on

he CoViD pandemic in 50 US states in the period Mar-Aug 2020. Ap-

lying a bivariate AR model to each state and to each variable, they find

hat the most significant risk factors for CoViD deaths are: active cases,

nemployment rate, imported CoViD cases, unemployment claims, tests

one, testing capacity, percentage of change in consumption, percent-

ge of working from home, and 6 mobility indexes (for transit stations,

orkplaces, residential places, retail and grocery shops). These factors

ct together in 17 states but in the 10, most populated states (as FL),

hey are not significant. Further, since mobility variables are related to

uthority restrictions, they claim that social distancing has a significant

ole in mitigating both infections and deaths. 

Sato et a. (2021) analyze the relationship between Google search

rends and CoViD infection series in 9 countries of 5 continents on the

eekly data in the period Jan-Oct 2020. Google trends in relative search

olume regard 54 keywords on various CoViD symptoms; using a bivari-

te AR model with 4-8 lags, they find that the number of keywords which

ave a significant Granger causality with CoViD trend infections ranges

rom 4 (of India) to 29 (of USA). Instead, classical correlation tests in-

icate a minimum of 21 (for Singapore) to 53 (India) keywords; this

eans that Pearson and Spearman tests (which do not take into account

he serial correlation), may be biased upward and predicting pandemic

rends on the basis of Google search trends may be wrong. Among the

ost frequent Granger-significant keywords (which are present in at

east 5 countries), there are classical CoViD symptoms, such as loss of

mell and taste, cough and sore throat, etc.. 

Finally, García ‑Cremades et al. (2021) consider the CoViD 14-day

umulative incidence (CI) data of Spain in the period Jul. 2020 to Jan.

021 and aim to find the best out-of-sample predictive model among

arious alternatives. These include regression models having as inputs

he Google mobility data (GMD, with respect to retail and recreation,

arks, stations, supermarkets, workplaces and residential), on which

ranger causality tests are also conducted. They show that the predic-

ion performance of AR-based models outperforms the others (in par-

icular that of neural networks) and a significant Granger causality is

etected only for recreation, parks and station mobility indices. 
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