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Abstract
Background  The COVID-19 pandemic has significantly impacted human society at many levels, from public health 
to economics and transports, highlighting the need of approaches integrating all available information to better 
understand and model similar phenomena, also in order to develop early detection and responses.

Methods  In this paper we present an analysis of COVID-19 pandemic in the metropolitan area of Bologna, Italy, 
integrating an epidemiological mathematical model, SARS-CoV-2 virus quantification in wastewater, clinical 
hospitalization, vaccination campaign, virus genotypization and human mobility data in the period 2020-2022.

Results  We were able to follow the evolution of epidemic, observing the effect of vaccination and other factors 
that produced significant changes in hospitalizations. Moreover, by considering a mathematical model of COVID-
19 epidemics spread, with parameters selected partly from literature and partly adapted to the local situation on a 
weekly basis, we identified a strict relation between human mobility at mesoscopic level and a sociability rate (related 
to model reproduction number).

Conclusion  Our results demonstrate the value of a interdisciplinary approach in monitoring and modeling epidemic 
trends. The observed relationships between mobility and sociability reveals the mutual impact of health issues on 
human activity and vice versa, providing insights for the implementation of effective response strategies in future 
pandemics.
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Introduction
The COVID-19 epidemic has been a large pandemic glob-
ally monitored with an enormous amount of collected 
information and data from different sources. Since SARS-
CoV-2 was detected in December 2019, much effort has 
been put into disease modeling, to inform the pandemic 
response. Given the extreme speed of spread on a global 
scale, attempts at forecasting have been accompanied by 
a compelling need for nowcasting, trying to understand 
and quantify the extent of the contagions on short time 
scales. With enough data, predictive models proved to 
be quite effective, showing in the U.S. an average hold 
of 22 weeks, barring the emergence of unforeseen new 
mutations [1]. Human mobility data has often been con-
sidered an informative data source for epidemiological 
models [2–5], though in the context of COVID-19 epi-
demic it has been observed that the relative explanation 
added by mobility time series to predict future epidemic 
trends was relatively small [6] and changed over time 
[7]. Epidemiological modeling also helped estimate the 
effect of interventions aimed at reducing the number of 
transmissions. In Italy, one of the countries mostly hit by 
COVID-19 in Europe, a compartmental model informed 
by mobility data estimated that restrictions reduced 
transmission from 42% to 49% [8]. Traditional surveil-
lance based on clinical observations has been supported 
by real-time genomics aimed to identify the virus and fol-
low the emergence of new variants. Intense sequencing 
efforts have made it possible to reach more than 100,000 
complete genomes on GISAID as early as the end of 2020 
[9], enabling real-time transmission monitoring and 
informing public health decision-making [10–12]. The 
pressing demand for data and information led to consid-
eration of any data source that could help shedding light 
on the pandemic, even involving online social networks 
[13] and app-based contact tracing [14]. In the search for 
an optimal trade-off between health and privacy, a popu-
lar practice has been performing measurements based 
on environmental samples. Next-generation sequencing 
applied to wastewater samples operated in complemen-
tarity to disease-based surveillance, taking advantage 
of the fact that 40% of infected people shed the virus 
in their feces [15]. Through an appropriate sewage sur-
veillance system, it is possible to monitor the presence 
of the virus in the city in nearly real-time, overcoming 
the bias attached to the number of positive tests, which 
depends on test availability and indications [16–18]. In 
Milan, Italy, the correlation between wastewater SARS-
CoV-2 load and the number of hospitalizations has been 
declining over time in correspondence with increasing 
vaccination coverage, thus showing the effectiveness of 
vaccinations in increasing population immunity [19].

In our work, we integrated wastewater epidemi-
ology with a mathematical model of infections and 

hospitalizations and with several metropolitan-scale 
data sources, to explore the capacity of a multi-modal 
approach to cope with a developing epidemic. Over an 
observation period ranging from 2020 to late 2022, for 
the metropolitan area of Bologna we integrated sewage 
sequencing, pathogen genotyping and human mobil-
ity data, and then compared them with time series of 
COVID-19 tests, vaccinations, and hospitalizations. 
In our results 1) we derive a quantitative relationship 
between wastewater viral load and clinical observations 
related to positive cases and hospitalizations on a long 
time scale, and observe how this relationship varies over 
time in correspondence to macroscopic factors such as 
vaccination coverage and significant virus mutations; 2) 
using a predictive mathematical model informed by clini-
cal observations, and parameters partially inferred from 
literature, we show how tuning the model to real data 
underscores a correlation between the social contact 
parameter in the model and measures of urban mobil-
ity at high time resolution, which could then be used as 
a proxy for parameters to be fed into epidemiological 
models.

Methods
Clinical COVID-19 data
The number of new COVID-19 cases, full vaccinations 
and hospitalizations were provided by the Bologna health 
agency ASL, and refer to the Bologna metropolitan area 
(about 900,000 inhabitants) [20]. Data is used with a daily 
resolution to inform a compartmental model for COVID-
19 spread (described below) and averaged to a biweekly 
resolution for the comparison with urban sewage data. 
The positive test ratio is defined as the ratio between 
weekly new cases and tests, and was obtained by rescal-
ing the number of tests in the Emilia Romagna region to 
the population size of Bologna.

The time series of tests in Emilia Romagna region was 
obtained from the data repository of Civil Protection[21]. 
Information about the timeline of infection control mea-
sures and lockdowns in Italy can be found at [22].

Virus genomic data
To gather information about the emergence of SARS-
CoV-2 variants in the city, we considered a dataset of 
1,060 SARS-CoV-2 isolates sampled from human patients 
by the Operative Unit of Microbiology of The Great 
Romagna Area Hub Laboratory, Pievesestina (FC, Italy). 
All SARS-CoV-2 nasopharyngeal swabs were tested 
through the real-time Polymerase Chain Reaction (PCR) 
Allplex SARS-CoV-2 Extraction-Free assay (Seegene 
Inc., Seoul, Republic of Korea) targeting E, RdRP/S and 
N genes. Among positive leftover samples, random 
nasopharyngeal swabs were selected to be sequenced 
from March 2021 to May 2022 and during the daily 
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routine. Collected samples were anonymized accord-
ing to laboratory’s procedures to adhere to the regula-
tions issued by the Local Ethical Board (AVR-PPC P09, 
rev.2; based on Burnett et al., 2007). The genetic mate-
rial was extracted through the automated system Mael-
strom 9600 (TANBead—Taiwan Advanced Nanotech 
Inc., Taiwan). Then, the library was prepared using the 
CleanPlex SARS-CoV-2 Flex Research and Surveillance 
NGS Panel assay (Paragon Genomics, Inc., Hayward, CA, 
USA) and sequenced on the MiSeq platform (Illumina, 
San Diego, CA, USA). Forward and reverse FastQ files 
were uploaded and analyzed on SOPHiA DDM software 
(SOPHiA GeneticsTM, Lausanne, Switzerland), aligned 
on the Wuhan reference genome (NCBI Accession num-
ber: NC_045512.2) to generate a consensus sequence. 
We extracted 230 unique Spike protein sequences from 
the available genomes, and aligned them against the 
main SARS-CoV-2 lineages (up to Omicron BA.2) for 
this study. We used the date of collection of the first BA.1 
sequence observed in the dataset as a reference about the 
emergence of the Omicron variant in the region, which 
determined a significant change in the pandemic evolu-
tion worldwide both genetically and clinically [23]. The 
laboratory’s coverage area (Romagna) does not include 
the city of Bologna itself, but it covers an area ranging 
between 50km and 130km from the center of the city of 
Bologna and is located within the same administrative 
region of which Bologna is the capital (Emilia-Romagna), 
sharing its health administration. Given the close prox-
imity, daily commuter traffic, and the rapid onset of 
emerging variants, it is reasonable to assume that the 
arrival time of the various lineages does not differ much 
between the two areas.

Urban mobility data
The mobility data used in this work mainly originates 
from the “Open Data - Bologna” project of the Bolo-
gna municipality [24–26], which is a large open access 
repository containing several datasets and, in particu-
lar, the hourly traffic flows data from 292 magnetic coils 
distributed in the roads of Bologna metropolitan area. 
The available data covered the full span of years between 
2020 and 2022. Our hypothesis is that the traffic flow 
time series can be used as a proxy of the social activity 
in the city, which is one of the factors contributing to the 
COVID-19 epidemic spread, and thus that the changes in 
the traffic flows (easily measurable) can be correlated to 
changes in the social activity (less easily measurable). We 
considered the daily traffic flow time series in Bologna 
smoothed by a 7-day moving average, in order to reduce 
the traffic fluctuations during the weekly cycle of mobil-
ity. Finally, the total traffic flow was rescaled to the value 
at the onset of COVID-19 pandemic, and this rescaled 
value constituted our mobility index m.

Viral load of SARS-CoV-2 in urban sewage
Untreated sewage samples were collected approximately 
twice per month since November 2020, from the urban 
sewage treatment plant covering the whole city of Bolo-
gna. Up to November 2022, 38 samples were collected in 
total. Upon arrival to the lab, fresh, not frozen, samples 
were immediately submitted to filtering and subsequent 
RNA extraction. In particular, two aliquots of 15 ml each 
of the sewage supernatant were placed in Amicon Ultra 
15 30 kD tubes (Millipore) and centrifuged for 40 min 
4000 xg at 4°C. The filters were then rinsed with 200µl 
of Phosphate Buffer Saline solution, which was then sub-
mitted to RNA extraction using the QIA AMP viral RNA 
mini kit (Qiagen, Milan, Italy). RNA samples were tested 
by reverse transcription real-time PCR targeting the E 
gene of SARS-CoV-2 virus following previously reported 
protocol (Corman et al., 2020) on Applied 7500Fast Real-
Time PCR systems (Termofisher, Milan, Italy). In partic-
ular, reverse transcription was performed with TaqMan 
Fast Virus 1-step Master Mix (Thermofisher, Milan Italy) 
in a total volume of 20µl. A standard curve was built on 
serial dilutions of SARS-CoV-2 RNA of the reference 
sample. Based on Ct values, the equation of the standard 
curve y = −4, 3773x + 55, 375 (R2 = 0, 9683) was used 
to calculate the initial viral concentration (log10RNA 
copies/µl) in sewage samples. This concentration value 
over time is what we refer to as viral load in urban sew-
age. While collection frequency was mostly every 14 or 
21 days, we have to list some exceptions inducing miss-
ing data: data collection was not performed from 20th 
July 1021 to 7th September 2021 (49 days), from 24th 
September 2021 to 18th November 2021 (55 days) and 
from 11th January 2022 to 10th February 2022 (30 days). 
When missing, the time series was linearly interpolated 
at biweekly resolution, to be compared with clinical data 
and model output.

Compartmental model for epidemic spread
We developed an epidemiological compartmental model 
to assist the Bologna local health unit (AUSL Bologna) 
in facing extreme conditions during the epidemic, from 
March 2020 until June 2022. In order to provide daily 
forecasts of the number of infected individuals with a 
2-week prediction horizon, we monitored and adjusted 
weekly the model parameters as detailed in this para-
graph. While testing the predictivity of this model is 
out of the scope of this study, this routine allowed us 
to obtain a time series of a parameter accounting for 
social activity in the city. The analysis of the time evo-
lution of this sociability parameter is one of the goals 
of our study. We used a compartmental SEUIR model 
(Susceptible - Exposed - Unreported infected - Isolated 
infected - Recovered) based on delay differential equa-
tions [27–30], that extends the traditional SEIR model 
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(Susceptible-Exposed-Infected-Recovered [31]) with a 
compartment devoted to the unreported infected popula-
tion, which plays a key role in the SARS-CoV-2 epidemic 
spreading. We considered a SEUIR model with delay 
due to the significant gap between infection and appear-
ance of symptoms, allowing the identification of infected 
people and the mandatory self-isolation, characteristic of 
COVID-19 infection, as in [32]. Specifically, for any time 
t ≥ 0, the population is subdivided as N(t) = P (t) + I(t) 
where N is the total population in the area, which is 
assumed as constant except for the number of dead indi-
viduals. The total population is divided into "active popu-
lation" (P) who contributes to social activities and disease 
spreading, and "infected individuals put in isolation" (I), 
either at home or hospitalized, which contribution to 
the epidemic spread we approximated to negligible. The 
active population P is further divided into four compart-
ments (P (t) = S(t) + E(t) + U(t) + R(t)), where S is 
the number of Susceptible individuals, E is the number of 
Exposed individuals (i.e., people that are positive to the 
virus, but are still not contagious), U is the number of 
Unreported infected individuals (i.e., infected individuals 
without evident symptoms of the disease, who are conta-
gious and not reported) and R is the number of Recovered 
individuals that are immune to contagion. The R com-
partment contains both the healed individuals and the 
vaccinated individuals. Although both R and I individuals 
do not actively contribute to disease spread (being healed 
or isolated) they do have a different role, since Recovered 
individuals are part of the active population P (thus dilut-
ing the fraction of Unreported infected), while Isolated 
infected are not. We did not consider the age structure 
of the population in the model since we did not have suf-
ficient available data.

The evolution of the epidemic is simulated as follows 
(see the diagram in Fig. 1): 

1.	 a Susceptible individual may become Exposed after 
meeting an Unreported infected individual. The flow 
of new infections is controlled by the factor β, which 
is the rate at which potentially infectious contacts 

occur [33]. β is modulated by two multiplicative 
parameters, namely τ  (relative infectivity w.r.t. the 
initial SARS-CoV-2 variant), accounting for virus 
evolution over time, and s (relative sociability), 
which describes the variation of the average 
number of social contacts with respect to its initial 
value contained in the β parameter (details in 
Supplementary Text);

2.	 after a time interval TE , an Exposed individual 
becomes an Unreported infected one;

3.	 an Unreported infected individual can infect other 
people and they can, with a probability α, develop 
the symptomatic disease and be isolated or, with a 
probability (1 − α), recover and be transferred to the 
Recovered compartment after a time interval TU ;

4.	 reported infected individuals are Isolated at home 
or within a hospital ward and, after some time, are 
moved to the Recovered compartment (or they die). 
For the sake of simplicity in the paper we considered 
a time TI  corresponding to the quarantine period;

5.	 after a time interval TR, Recovered individuals return 
to the Susceptible compartment, as the natural or 
vaccine-induced immunization is lost.

The average flux between Susceptible and Exposed com-
partments is

	
ΦS→E = β · s · τ

U(t)
P (t)

S(t) ,

where one assumes the probability of meeting an infected 
unreported individual U proportional to their prevalence 
in the population, since urban mobility diffuses the indi-
viduals in the whole metropolitan area (homogeneous 
mixing). Using two distinct multiplicative factors (s and 
τ ), we disentangle infectivity and sociability, and explic-
itly consider the role of social activities that change dur-
ing the pandemic due both to social restriction measures 
introduced by the government and people behavior.

The compartmental model is defined by the delay dif-
ferential equations (see model scheme in Fig. 1)

Fig. 1  Compartmental model scheme, describing equations in (1). S: Susceptible. E: Exposed. U: Unreported infected. I: Isolated infected. R: Recovered. 
The arrows mark the flows of individuals between the compartments, and the label ΦS→E  identifies the infection flow of the model
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Ṡ(t) = −ΦS→E(t) − v(t)S(t) + v(t − TR)S(t − TR)

+ (1 − α)
ˆ ∞

0
ΦS→E(t − TE − TR − τ)

ρ(τ ; TU , σU ) dτ

+ α

ˆ ∞

0
ΦS→E(t − TE − TI − TR − τ)

ρ(τ ; TU , σU ) dτ

Ė(t) = ΦS→E(t) − ΦS→E(t − TE)

U̇(t) = ΦS→E(t − TE) −
ˆ ∞

0
ΦS→E(t − TE − τ)

ρ(τ ; TU , σU ) dτ

İ(t) = α

ˆ ∞

0
ΦS→E(t − TE − τ)ρ(τ ; TU , σU ) dτ

− α

ˆ ∞

0
ΦS→E(t − TE − TI − τ)ρ(τ ; TU , σU ) dτ

Ṙ(t) = (1 − α)
ˆ ∞

0
ΦS→E(t − TE − τ)ρ(τ ; TU , σU ) dτ

− (1 − α)
ˆ ∞

0
ΦS→E(t − TE − TR − τ)

ρ(τ ; TU , σU ) dτ

+ α

ˆ ∞

0
ΦS→E(t − TE − TI − τ)ρ(τ ; TU , σU ) dτ

− α

ˆ ∞

0
ΦS→E(t − TE − TI − TR − τ)

ρ(τ ; TU , σU ) dτ

+ v(t)S(t) − v(t − TR)S(t − TR)

� (1)

where ρ(τ ; T, σ) is the Gamma-distribution function 
with average value T and variance σ2

	
ρ(τ ; T, σ) = ba

Γ(a)
τa−1e−bτ � (2)

where a = (T/σ)2 and b = T/σ2 and Γ(a) is the Gamma 
function. The permanence time values for the compart-
ments, reported in Table 1, have been taken from liter-
ature [34]. Only the U delay has been considered in its 
distributed form, while all other delays have been treated 
as discrete, their value corresponding to the mean per-
manence time observed in literature. The fraction of 
reported infected α was set to α = 0.14 according to lit-
erature [32].

At the initial condition of the model s and τ  have been 
set to 1, and the value of β parameter has been estimated 
with a linear fit of the logarithm of the infection data 
time series of the first 10 days (24/02/2020 - 04/03/2020, 

assuming an exponential growth as typical in epidemio-
logic models). For compartmental models such as (1), the 
relationship between β and the basic reproduction num-
ber R0 can be calculated as R0 = β · TU  [27]. The esti-
mated value β = 0.833 ± 0.003 from our data produces 
an R0 compatible to wild-type values found in literature 
(R0 = 4.6 ± 1.9, with uncertainty mainly due to TU  but 
with β estimated on very few data points, to be compared 
to a 95% confidence interval of [2.4 − 3.4] [35]). The rela-
tive infectivity τ  has been modified three times, due to 
the increased infectiousness of emerging SARS-CoV-2 
variants with respect to the wild-type: τ = 1.56 since 
the 20th of October 2020 (estimated arrival time for the 
Alpha variant), τ = 2.50 since the 1st of April 2021 (Delta 
variant), and by τ = 12.5 since the 1st of December 2021 
(Omicron variant). These values have been set accord-
ingly to the news released by the Italian health insti-
tute[36], and are not inferred through the model.

The relative sociability parameter s was varied on an 
approximately weekly basis during two years from the 
beginning of COVID-19 epidemic, in order to minimize 
the difference between predicted and observed new cases 
of confirmed infections (i.e., considering the number of 
individuals moving from the Unreported to the Isolated 
compartment), and s is the only free parameter of the 
model. Since the best fit value was obtained by varying 
the s parameter in steps of 0.01, this value also represents 
the uncertainty associated to the s parameter (see also 
Supplementary Text).

Finally, the effect of the vaccination campaign was 
modeled through the term ΦV (t) = v(t)S(t), with v 
the parameter quantifying the effect of vaccination in 
reducing the susceptible population S. The vaccination 
parameter v, which lowers the number of susceptible 
individuals because of immunization, was set to 0 up 
to the 1st of January 2021 and its value was afterwards 
updated to the vaccination rates provided by the local 
health unit on a weekly basis. In the model we hypoth-
esize that vaccine efficacy is 100%, and we show in Sup-
plementary Text the results of the analysis with a reduced 
(75%) vaccine efficacy.

Modeling the relationship between clinical and sewage 
viral load data
To characterize the relationship between the experimen-
tal observations of SARS-CoV-2 viral load in sewage, pos-
itive test ratio and hospitalizations over the three phases, 
we designed a linear model with the following equations:

	 C(t) = rCV V (t)� (3)

	 H(t) = rHCC(t)� (4)

Table 1  Permanence times of each compartment in the model
Parameter Time (days) σ (days)
TE 2 –
TU 5.5 2.3
TI 21 –
TR 180 –
The standard deviation σU  is reported only for the compartment where it is 
defined



Page 6 of 13Durazzi et al. BMC Infectious Diseases         (2025) 25:1467 

where V, C and H are the sewage viral load, the COVID-
19 positive tests ratio, and the number of hospitalizations 
respectively, sampled on a biweekly basis. The choice 
of a linear model is motivated by the significant linear 
correlation between the time series (see Results sec-
tion and Supplementary Figure S2). The model assumes 
no time lag between the time series; this assumption is 
motivated by the fact that we estimated the time lags 
providing maximum linear correlation both between 1) 
sewage viral load and COVID-19 positive tests ratio, and 
2) between hospitalizations and COVID-19 positive tests 
ratio, and they resulted equal to 0 weeks. We used Monte 
Carlo Markov Chains (MCMC) to parametrize the model 
through the Python’s package pymc3, which also allows 
to inspect the a-posteriori distribution of the param-
eters. The Monte Carlo sampling consisted of 4 chains 
of 1000 NUTS steps each with acceptance probability of 
the proposed samples set to 0.85, and a-priori parameters 
value set to the average ratio of the observed time series: 

rCV = avg

(
C(t)
V (t)

)
 and rHC = avg

(
H(t)
C(t)

)
. We then 

characterized the variations of the estimated ratios over 
time, exploring the relationship with factors such as vac-
cination rate in the population and the emergence of new 
SARS-CoV-2 variants.

Modeling the relationship between sociability and 
mobility index
We compared the sociability index s inferred through 
the compartmental model with the mobility index m 
obtained from urban mobility data. First, we rescaled 
both indices with respect to their maxima occurring 
before the pandemics (as shown in the first white region 
in Fig.  4a). Second, the indices were aligned through a 
translation of the values on the y axis (shift) guided by a) 
an increasing discrepancy between m and s indexes, and 
b) the close occurrence of specific events like re-open-
ings, or the emergence of virus variants with different 
properties (e.g. the Delta variant) that could have altered 
the relationship between human mobility and sociabil-
ity. The relevance of this breakpoints was also validated a 
posteriori through a statistical change-point analysis (see 
Supplementary Text). We then evaluated in each of these 
time periods the correlation between the two time series 
and computed the root mean squared error RMSE that 
would be obtained if the sociability parameter s were to 
be inferred from the translated mobility index m.

Results
Viral load in urban sewage
We compared the number of COVID-19 infections and 
hospitalizations with the viral load measured in urban 
wastewater, to help us characterize the major factors dur-
ing the epidemic that changed the relationship between 

the effective presence of the virus in the population and 
the available clinical observables. In Fig.  2, we show 
the SARS-CoV-2 viral load in urban sewage over time, 
together with the positive tests ratio, and the number of 
daily new cases and hospitalizations.

The agreement between the sewage viral load and the 
number of cases is good throughout all the observed 
period (Pearson’s correlation coefficient r=0.57, p-value 
< 10−6), in particular considering the position of the 
main peaks of COVID-19 infections on March 2021, Jan-
uary 2022, April 2022 and July 2022 (Fig. 2a). The ratio of 
positive tests (Fig. 2b) correlates better with the sewage 
viral load (r=0.73, p-value < 10−6). The biggest difference 
between the number of new cases and the positive tests 
ratio occurs during the peaks of July and October 2022, 
in which the positive tests ratio is as high as in the peak 
of February 2022, while the number of new cases is lower 
than in February even with a similar dynamics. The num-
ber of COVID-19 hospitalizations (Fig.  2c) decreased 
peak after peak, in accordance with the increase in the 
percentage of vaccinated people first, and the arrival of 
Omicron variant later, while the peak amplitude of sew-
age viral load remained constant for the whole 2022. In 
facts, its correlation with cases is not significant (r=0.19, 
p-value=0.17) reflecting the variation of the relation over 
time.

The vaccination campaign and the appearance of the 
Omicron lineage can be used to identify three different 
phases: phase A, up to the 50% of vaccinated individu-
als on 1st August 2021; phase B, from the end of phase A 
up to the arrival of Omicron BA.1 lineage on 19th March 
2022; phase C, after the Omicron lineage became preva-
lent since March 2022. We thus fitted the MCMC linear 
model in (4) to the three phases separately (see Supple-
mentary Table S1 for values, and Supplementary Fig-
ure S3 for details on the convergence of the method). In 
Fig. 3, we show the estimated parameter values over the 
three time phases.

In the B phase, the ratio between the number of hos-
pitalizations and the percent of positive tests (rHC ) is 
less than half its value during phase A, while the ratio 
between the percentage of positive tests and sewage viral 
load (rCV ) remains constant, possibly because in phase 
B more than half of the population was vaccinated, thus 
reducing hospitalization risk even if viral load did not 
decrease.

In phase C, rHC  is drastically reduced (around 1/20 
than in phase A), and we hypothesize that it is due to 
the effect of the vaccination campaign added to the 
lower severity of Omicron lineage, which became preva-
lent since then. The correlation between the percentage 
of positive cases and sewage viral load is significantly 
reduced (r=0.66, p-value=0.055 in phase C as compared 
to r=0.80, p-value < 10−6 in phases A and B together), 
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Fig. 2  SARS-CoV-2 viral load in urban sewage (blue), plotted with a) number of daily new COVID-19 cases (orange), b) average weekly positive tests ratio 
(green), c) number of daily COVID-19 hospitalizations (red). The pink vertical line represents the reach of 50% vaccination coverage in the population. The 
vertical dashed black line represents the date in which the first Omicron BA.1 sequence was retrieved from a patient in our dataset
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and also rCV  decreases (Mann–Whitney U test p-value 
< 10−6), showing a decoupling between clinical trac-
ing and the presence of SARS-CoV-2 in sewage (see also 
Supplementary Figure S2 for scatter plots in the three 
phases).

Sociability and traffic data
Regarding the compartmental model in (1), we fitted the 
time series of the I compartment to the observed num-
ber of newly infected cases by tuning only the value of s 
parameter. This procedure was applied in the Metropoli-
tan area of Bologna during the COVID-19 pandemic on 
a weekly basis, to support a health crisis unit assisting 
the local hospital agency. In Supplementary Figure S1 
we show how the model (1) was able to reproduce the 
observed new reported infected cases during the first two 
years of COVID-19 epidemic.

This procedure of continuous adjustment allowed us to 
obtain a time series of the sociability parameter s inferred 
from epidemiological data, which can be interpreted as 
a measure of human interactions during the pandemic. 
In Fig. 4a we compare the sociability parameter s and the 
mobility index m, the latter derived independently from 
the traffic flow time series measurements in Bologna 
Metropolitan area (see Methods  section). We observed 
a statistically significant linear correlation between the 
two time series (Pearson coefficient: r = 0.19, p-value 
< 10−6).

With the enactment of the first national lockdown 
(March 2020, first red-shaded area in Fig. 4a), the traffic 
flow dropped sharply to the ≃ 20% of the initial pre-pan-
demic value. Afterwards, several restrictions remained in 
place, and the observed mobility index, though increas-
ing, remained lower than the pre-pandemic value (about 
80% in June 2020). The introduction of curfews and pan-
demic severity-modulated measures on a regional scale 
(Autumn 2020) corresponds to the second red-shaded 
area in Fig.  4a and it reduced the mobility index up to 
70% of the initial value. Another reduction in mobil-
ity happened during March and April 2021; indeed this 
period corresponds to the application of some restrictive 
rules for social activities by the Italian government (third 
red-shaded area). Other major oscillations are observed 

in correspondence with the summer holidays (August 
2020 and 2021) or the end of the year (Christmas holi-
days), represented as blue-shaded areas in Fig.  4a. The 
mobility decrease during holidays can be also the conse-
quence of the population leaving the Bologna area, and 
for the Christmas holidays it is often preceded by a short 
increase in mobility in correspondence with Christmas 
shopping. During the whole observation period, one can 
also recognize a global trend towards the recovery of the 
initial pre-pandemic mobility, which is approximately 
restored starting from December 2022.

At the beginning of the first lockdown (white shaded 
area in Fig. 4a), the mobility index m had the same behav-
ior as the sociability parameter s. However, when the 
mobility restrictions were partially removed in May 2020 
we observed a systematic discrepancy between them. 
In fact, while the mobility index increased to ≃ 80% of 
its initial value, sociability did not recover to the same 
extent. This mismatch could be removed by shifting the 
value of s by an additive value of 0.58 (see Table 2), as we 
show in Fig.  4b. A possible explanation of this discrep-
ancy between the two indices could be the drastic change 
in people’s behavior during their social activities, like the 
obligation to use health masks in many contexts, thereby 
reducing the infection probability despite the increase in 
social contacts.

The agreement extends for about one year, after which 
the change in social habits, possibly due to the begin-
ning of summer, changed the epidemic spread dynam-
ics (black vertical line in in Fig. 4b), requiring a smaller 
shift of the sociability parameter s equal to 0.23 to make 
the two indices match. The smaller discrepancy can be 
explained by a reduced usage of social distancing and 
masking, likely due to warmer weather and changes in 
social behavior in summer.

After summer 2021, when a resurgence of the epi-
demic occurred after schools reopening (see Table 2) we 
shifted the sociability index s of a factor equal to 0.71. We 
hypothesize that this greater difference between s and m 
parameters might reflect other factors affecting COVID-
19 epidemics. The effect of immunity due to vaccination 
and the reduced susceptibility of the population to the 
newly emerging virus variants reduced the amount of 

Fig. 3  Boxplot of fitted parameter distributions over the time phases, for the MCMC model. a) rHC  (blue) is the ratio between COVID-19 hospitalizations 
and positive tests ratio. b) rCV  (red) is the ratio between COVID-19 positive tests ratio and SARS-CoV-2 sewage viral load
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Fig. 4 (See legend on next page.)
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infections (represented by parameter s) with respect to 
the actual real number of contacts (represented by the 
parameter m).

With the three introduced shifts (shown in Fig.  4b) 
the two time series resulted even more significantly 
correlated (Pearson’s coefficient r = 0.74, p-value 
< 10−6), thus the sociability index s could have been esti-
mated from the mobility index m, more easy to obtain 
from on-site measurements of road traffic, with a Root 
Mean Squared Error RMSE = 0.15. For comparison, a 
null model, in which we performed 1000 random extrac-
tions of 3 breakpoints in which to perform the shift, 
achieved a significantly lower average Pearson’s corre-
lation coefficient r0 = 0.50 ± 0.15 and a significantly 
higher error RMSE0 = 0.32 ± 0.07. In the Supplemen-
tary Text, we show for comparison the results of a sta-
tistical change point detection analysis operated on the 
difference between the sociability parameter and the 
mobility index. The analysis highlights 4 break points: the 
first 3 are close (within a month) to the ones we selected 
based on significant external events, while the additional 
one overlaps with the arrival of Omicron lineage in the 
region, which impacted again the relationship between 
sociability and mobility. Specifically, the sociability 
parameter started to decrease since early 2022, and its 
correlation with the mobility index gradually reduced. As 
we observed from the comparison with the sewage data, 
the emergence of the less severe Omicron variant and 
a high degree of vaccination coverage caused a decou-
pling of the number of COVID-19 cases from the virus 
abundance in wastewater. In this last phase, the number 
of positive tests is so low that it was no longer reliable to 
feed the compartmental model.

Discussion
In this study we show how the integration of different 
data sources can support surveillance of the spread of 
an infectious pathogen over an urban area. Indeed, the 
intersection of data offering different perspectives pro-
vides greater explanatory power than single-source stud-
ies and allows for the identification of different phases 
in the course of the epidemic. In our case study, we 
addressed the COVID-19 epidemic with data from the 
Metropolitan area of Bologna, Italy, over a period from 
January 2020 to November 2022. Specifically, we moni-
tored the official number of infections and hospitaliza-
tions through clinical data, the appearance of different 

virus variants through genomic sequencing, the actual 
presence of the virus in the population through urban 
sewage sequencing, and the social activity of the popula-
tion through road vehicle mobility.

The first interesting result is the statistically signifi-
cant correlation between the level of road traffic and the 
social activity parameter inferred from the epidemio-
logical model, which motivates the possibility of using 
aggregated urban mobility data as a proxy to inform 
high-temporal resolution predictive models about social 
contacts. During an epidemic, new control measures are 
continually introduced and updated to modify popula-
tion behavior in such a way as to reduce the number of 
pathogen transmissions, such as quarantines, lockdowns, 
and curfews. It is very difficult to estimate a-priori the 
impact of such measures [37], so using a real-time indica-
tor of social activity level can be of great help to parame-
trize predictive models. The correlation of the sociability 
parameter and road mobility resulted significant, and it 
was further increased by considering a very limited num-
ber of additive shifts to the sociability parameter, related 
to significant events related to the epidemic. Assuming 
that with appropriate normalization the mobility index 
estimates the social activity, i.e. the number of contacts, 
we hypothesize that the shift between mobility and 
sociability quantifies the gap between total contacts and 
unprotected contacts (i.e., potentially infectious). In fact, 
the shift is zero in the early period when masks and dis-
tancing were not yet widespread, and has a small positive 
value in summer 2021, corresponding to a likely lower 
attention to containment measures. Conversely, the shift 
is larger under stricter containment measures, i.e. the 
winter periods.

The second result is that we could identify the key fac-
tors affecting the number of hospitalizations along the 
epidemics evolution. We observed a progressive decrease 
in the number of hospitalizations per infection, in cor-
respondence with the increase in vaccination coverage 
at first, and after the emergence of Omicron lineage sec-
ondly. In particular, after the emergence of Omicron, we 
observed a decoupling between the clinical records of 
COVID-19 epidemic and environmental measurements. 
While the number of infections decreased, together with 
the sociability index, the sewage viral load and the mobil-
ity index remained near their maxima even at the end of 
2022. This result again motivates the need to complement 
clinical tracing with other tools to monitor social activity 

(See figure on previous page.)
Fig. 4  Comparison between the sociability parameter s (red crosses) and the mobility index m (green dots). a The red-shaded areas mark 1) the Italian 
national lockdown during the first epidemic wave (3rd March - 4th May 2020), 2) government-mandated countermeasures during the second pandemic 
wave, such as the shutdown of commercial activities and the introduction of night curfews and color-coded regions (19th October 2021 - 3rd December 
2020), and 3) winter restrictions from 26th February to 26th April 2021. The blue-shaded areas mark winter holidays and the month of August. b The shifted 
sociability s (red crosses) is plotted together with the mobility data (green dots). The shaded regions refer to different shifts applied to the sociability rate 
(see legend)
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and the actual spread of the pathogen in the population. 
The decoupling between virus load and clinical outcomes 
is a clear sign of reduced severity, but it also shows how 
an epidemics can become “silent” in terms of impact on 
population while remaining present in the environment 
[38]. The need to introduce some shifts to improve the 
correlation between mobility data and epidemiologi-
cal parameters confirms the limited ability of mobility 
data alone to predict long-term epidemic dynamics, as 
observed in [6, 7], if not complemented with other infor-
mation. Anyway, the number of required shifts was very 
limited over an arc of 2.5 years and were likely associated 
to changing infection control measures and social behav-
iour, in particular at the beginning or the end of summer 
holidays in Italy.

We also acknowledge a few limitations in our work, 
partially mentioned also in the respective Methods  sec-
tion paragraphs. Sewage data has 3 periods with no data 
collection (about 10% of the data), which were imputed 
with linear interpolation. The timeline of the arrival of 
SARS-CoV-2 variants in the area is based on sequenc-
ing results from a microbiology lab which has no samples 
from the city of Bologna, but operates in a neighboring 
area, possibly reducing the precision in variant arrival 
time estimates. A final limitation is about the precision 
in sociability estimates from mobility data in real time. 
It is difficult to recognize change-points a priori, requir-
ing a re-alignment of sociability and mobility, even if 
we observed that the beginning and the end of summer 
could represent good candidates, because of the changes 
in social behavior and control measures.

In conclusion, our work confirms (a) the decreasing 
trend in COVID-19 hospitalization rate over time, in 
correspondence with vaccination coverage increasing, 
and (b) that standard surveillance metrics can be inaccu-
rate in estimating the extent of the epidemic, as already 
observed in [19]. In addition, (c) we show how other, 
often openly available urban data, such as road traffic, 
allow better quantification of the pathogen transmis-
sion due to social activity, disentangling it from patho-
gen infectivity. The latter result also shows how mobility 
data can be used to infer variations in social activity in 
real time over short periods, and to forecast the number 

of new infections in support of local Public Health agen-
cies. In a context of growing availability of open source 
data at urban level, that can feed models such as digital 
twins of a whole city [39, 40], our work shows a possible 
application of such models in a public health perspective, 
integrating social, clinical and microbiological data for 
enhanced surveillance of epidemic spread and evolution.
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