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ABSTRACT

Background: Understanding the trend of the severe acute respiratory syndrome Coronavirus 2 (SARS-CoV-2) is
becoming crucial. Previous studies focused on predicting COVID-19 trends, but few papers have considered models
for disease estimation and progression based on large real-world data. Methods: We used de-identified data from
60,938 employees of a major financial institution in Italy with daily COVID-19 status information between
31 March 2020 and 31 August 2021. We consider six statuses: (i) concluded case, (ii) confirmed case, (iii) close con-
tact, (iv) possible-probable contact, (v) possible contact, and (vi) no-COVID-19 or infection. We conducted a logistic
regression to assess the odds ratio (OR) of transition to confirmed COVID-19 case at each time point. We also fitted
a general model for disease progression via the multi-state transition probability model at each time point, with lags
of 7 and 15 days. Results: Employment in a branch versus in a central office was the strongest predictor of case or
contact status, while no association was detected with gender or age. The geographic prevalence of possible-probable
contacts and close contacts was predictive of the subsequent risk of confirmed cases. The status with the highest prob-
ability of becoming a confirmed case was concluded case (12%) in April 2020, possible-probable contact (16%) in
November 2020, and close contact (4%) in August 2021. The model based on transition probabilities predicted well
the rate of confirmed cases observed 7 or 15 days later. Conclusion: Daza from industry-based surveillance systems
may effectively predict the risk of subsequent infection.

1. INTRODUCTION

Severe acute respiratory syndrome Coronavirus 2
(SARS-CoV-2), which causes Coronavirus disease
2019 (COVID-19), is responsible for substantial
morbidity and mortality worldwide [1, CDC Data
Tracker]. Since it emerged in late 2019, Coronavirus
spread soon across continents and became a global
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pandemic. The largest number of cases were initially
identified in China, but the virus’ diffusion occurred
quickly across other regions. In particular, Italy was
hardly hit in the early phase of the pandemic [1],
experiencing a mortality rate higher than most other
countries, with 33,601 deaths [2] between February
and July 2020.
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Health authorities have been deeply involved in
trying to control infection transmission, adopting
social distancing, smart working, and travel restric-
tions [3]. This is to contain the pandemic and pre-
vent the overwhelming healthcare system [4].

Understanding the reasons why Italy was highly
burdened by COVID-19 deaths could help identify-
ing and planning optimal actions in future epidemics,
both in Italy and in other countries [5]. Implement-
ing public health interventions and targeting health
system’s efforts are based on population-level preva-
lence estimates and predictions of infection and
disease. For this reason, assessing factors that can
influence the prevalence of infection and disease can
be crucial to preventing and predicting the trend of
COVID-19 [1]. For example, seasonality has long
been recognized as an important aspect of many vi-
ral infections [5-7]. Besides this, some contributing
factors may be invariant, i.e., demographic charac-
teristics, such as the age structure of a population.
Conversely, some factors are potentially modifiable
including the risk of transmission, which can be
minimized by adopting hygienic precautions like
hand sanitation, social distancing, and use of masks.

Considering the rapid spread of the disease in
different waves, working units and providers must
be prepared as much as possible before the infection
has reached uncontrolled rates. This is critically im-
portant for public health system, which managed a
markedly increased rate of hospitalization, as well as
for the economic system, which experienced a severe
slowdown [8]. Indeed, the COVID-19 pandemic
constituted an unexpected challenge for interna-
tional economy [8, 9]. It is, therefore, essential for a
government to design a well-assessed and compre-
hensive policy to enable the country to recover from
the crisis.

In this big framework, industry-based occupa-
tional surveillance systems can be crucial for moni-
toring the spread of infection. One study applied
a Fama and French Three-Factor Model (pricing
model developed in 1992) [10] to the US service to
compare the performances of the service industries
before and after COVID-19 [11]. This work high-
lighted the potential of industry-based surveillance,
focusing on finance and returned stocks. Other stud-
ies [12] addressed the effect of travel limitations [13],

psychological distress [14], modes of transmission
(i.e., detailed travel and exposure history and identi-
fication of high-risk subjects) [15], and the occupa-
tional risks of COVID-19, for example underlying
several occupational groups at increased risk of in-
fection [16]. Also, some studies focused on predict-
ing the risk of COVID-19 in the general population,
for example, using data from hospital admission for
non-COVID-19 diseases (non-tuberculosis pneu-
monia, influenza, acute bronchitis) [17], or using
machine learning to assess the benefit of the mask
[18]. Finally, some studies focused on prognostic
models for patients diagnosed with COVID-19
aimed to predict progression to a more severe or
critical status [19-22]. To our knowledge, no study
focused on industry surveillance systems to estimate
and predict the incidence of COVID-19 and to
provide guidelines on infection control in the oc-
cupational setting.

This paper aims to provide the overall socio-
economic picture during the COVID-19 pandemic
and address the estimation and prediction of the in-
cidence of COVID-19 in an occupational setting,
adopting efficient regression and transition statisti-
cal approaches.

We used the database of a large Italian Financial
Institution with daily information on the COVID-19
status for all employees to estimate at each point in
time the risk of COVID-19, the probability of tran-
sitioning from one status to another, and the predic-
tion of the confirmed cases in the following weeks.

2. MATERIALS AND METHODS
2.1. Data Sources

The analysis was based on the anonymized file
of contacts and infections reported daily between
March 31, 2020, and August 31, 2021, to the
Occupational Safety and Health Department
(OSHD) of a major financial institution in Italy.
'The institute staff was distributed between central
offices, mainly located in large Italian cities, and a
large number of branches in all regions of the coun-
try, with a predominance in Northern regions.

Starting on March 31, 2020, each central office

and branch was requested to report daily to the
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OSHD the employees who fulfilled any of the fol-

lowing definitions:

- Concluded - Individuals that have been
declared no-COVID-19 after having been
declared confirmed cases;

- Confirmed — Positivity to a COVID-19 test
(antigenic or molecular);

- Close contacts — A close contact with a
positive or suspect positive individual (a col-
league, a relative, etc);

- Possible contacts — A contact with a positive
or suspect positive individual (a colleague, a
relative, etc);

- Possible-probable contacts — Individual that
satisfies the clinical criteria with an epidemi-
ological link (i.e., waiting for the test result);

- No-Covid — Healthy person who has never

been in any of the previous statuses.
At the onset of the pandemic, the classifica-
tion of individuals occurred according to a
4-tier system, including the so-called “pos-
sible case” that had to meet the following
criteria:

- Symptoms (at least 1 primary or at least
2 secondary) not yet evaluated by the Pub-
lic Health System (General Practitioner or
Local Health Authority);

- Positive results in an antigen test, both symp-
tomatic and asymptomatic until the execu-
tion of the molecular test;

- Symptomatic positives in a serological test
until the execution of the molecular test;

- Presence of at least one symptom and being
part of a working group where other col-
leagues with symptoms have been present in

the last 14 days.

A “probable case” could be attributed to an
individual who met clinical criteria: cough, fever,
dyspnea, acute onset of anosmia/ageusia/dysgeusia,
or radiological criteria consistent with COVID-19.
Moreover, the “possible case” had not yet been taken
over by the public health system, prudentially classi-
fied at the company level, while the “probable case”
had already been taken over by the national health

system.

Confirmed cases, close contacts, and possible-
probable contacts were asked to quarantine accord-
ing to the guidelines of the Ministry of Health and
to inform the OSHD when their status was resolved.
Quarantine is a preventive measure taken to sepa-
rate and restrict the movement of individuals who
may have been exposed to a contagious disease, such
as COVID-19, to see if they develop symptoms.
Subjects not included in any of the categories above
were defined as negative (i.e., no-COVID-19). Pre-
cisely, not all the employees were registered in the
COVID-19 bank database. To enter the COVID-19
bank database, a person should report close contact,
possible contact, possible-probable contacts, or be a
confirmed case of COVID-19.

Additional data sources were the anonymized
file of all institution employees and the daily data
of cases in the general population at the provincial
level obtained from the National Authority for Civil
Defense [23].

'The following variables were analyzed at the in-
dividual level: sex, age (four categories, <45, 45-49,
50-54,55+), place of work (address), type of employ-
ment (central office vs. branch), contact/case status.
The large number of places of work required some
grouping into units of adequate size for statistical
analysis. After some preliminary analysis, we identi-
fied regional and 107 provincial units used for ad-
justment purposes. Their list is shown in Appendix
Table 1.

The geographic unit used in the comparative
analysis between the institute staft and the general
population was the province (N=107). In all analy-
ses, prevalence rates per 1,000 subjects were used, to-
gether with their Confidence Intervals (CI). Possible
contacts and concluded cases were excluded from
some analyses due to the small number of subjects.

2.2. Analysis of Prevalence, and Comparison
with General Population

We analyzed the trend over time of the daily
prevalence of each status between March 31, 2020,
and August 31, 2021, and the prevalence ratio be-
tween workers in the branches and those in the
central offices. We also compared the incidence
of confirmed cases among subjects in the study
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population between 1 April 2020 and 31 August
2020 with that of the general Italian population, af-
ter standardization for the size of the population of
each province. We calculated 7-day rolling means
because of fluctuations in the daily incidence of the
study population.

2.3. Individual-Level Analysis of Determinants
of Prevalence of Infections and Contacts

Two sets of logistic regression models were fitted
to the individual data, with the status of confirmed
case, close contact, and possible-probable contact
on each day between March 31, 2020, and August
31, 2021, as dependent variables. The first set of
models included sex, age, and type of employment
as potential determinants, the second set included
also the geographical unit (region). In the analysis
of each status, the cases of the other statuses were
excluded to obtain a common reference category
(i-e., no-COVID-19). The results are expressed as
the odds ratio (OR) for each status, including their
95% Confidence Interval (CI).

2.4. Geographic Analysis of Determinants
of Prevalence of Confirmed Cases

Multivariate linear regressions were performed
with the prevalence of confirmed cases on August
31, 2021, as the dependent variable and the preva-
lence of possible contact, possible-probable contact,
and close contact on each observation day between
March 31,2020, and August 31,2021, as independ-
ent variables. They are reported in terms of z values,
the normal deviation of the regression parameters
of each contagion or contact indicator, for each
day between 31 March 2020 and 31 August 2021.
Confidence Intervals are provided, thus values of z
higher than 1.96 or lower than -1.96 denote statis-
tically significant associations (at a=0.05) between
the indicator and the prevalence of confirmed cases

as of 31 August 2021.
2.5. Analysis of Transition of Status

This analysis included prediction and estima-
tions of the transition probability from one status to

another, along the continuum from no-COVID-19
cases to confirmed cases. We carried out multi-state
models [24, 25]. The status s(t) at which an individ-
ual moves at time t is conducted by a set of transition
probabilities, qrs(t), where r and s are two different
statuses. The intensities and estimation also depend
on the time of the process t (i.e., which intervals of
time, or lag, were chosen). For this reason, we choose
two time-intervals, 7-day and 15-day lags. To fit a
multi-state model to data, we need to estimate this
transition intensity matrix, which identifies the im-
mediate risk of moving from status 7 to status s:

q_rs ()=lim(8t—0) [(P(S(t+dt)=s |
S(t)=r)/5t )]

'This analysis focused on Markov models [26, 27],
assuming that future evolution only depends on the
current status. We estimated the transition matrix
via a likelihood approach. At each time point, we
computed the corresponding time t transition prob-
abilities [28-30].

Generally, the late status of the multi-state model
is an “absorbing status”, i.e., death. Thus, if a sub-
ject enters this status, the subject will remain with
probability 1. In this approach, we assume that our
last status is not absorbing, i.e., all the statuses have
the same probability of transition. We also included
sex, age, and type of employment in the model as
potential confounders. CIs were computed with the
maximum likelihood approach. All statistical analy-
ses were carried out using the open-source statistical
computing environment Python, with its libraries
“MSMBuilder (3.8.0)” [31], “SciPy (1.5.4)” [32],
“StatsModel (0.12.1)” [33].

3. RESULTS
3.1. Study Population Characteristics

Table 1 shows socio-demographic characteristics
of the entire study population. The largest age group
was over 55 (32%), followed by participants aged
between 50-54 (22%). The majority of the study
subjects were located in a branch (59%) compared
to the central office (41%). The Regions with the
largest number of subjects were Lombardy (29%),
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Table 1. Ban':line socio-demographic characteristic of the No-Covid 60 0.10%
study population. Total 4530 7.43%

Variable and category Total (%) Covid Status (November 2020)

Sex Concluded 9,53  15.65%
Female 31,646 51.93% Confirmed 1.872 3.07%
Male 29,292 48.07% Close contacts 7,240 11.88%

Agelyr) . Possible contacts 238 0.39%
;:—i@ 12’;2: i:jioz Possible-probable contacts 2,360 3.87%
50-54 15618 2235% No-Covid 0 0.10%
55, 19’300 3L.67% Total 21,306 34.96%

] ) ’ ' Covid Status (August 2021)

Slteélz:zzo:ﬂice 25,058 41.12% Concluded 15,504 30.0%%

Branch 35’880 53880 Confirmed 4,764 7.82%
i ’ ) Close contacts 11,637 19.10%

Region Possible contacts 1,210 1.99%
Q:;;Z;; Zii é:ii:: Possible-probable contacts 3,809 6.25%
Calabria 693 1.14% No-Covid 0 0.10%

’ Total 39,784 65.29%
Campania 3,831 6.29%
Emilia-Romagna 3,991 6.55%
Friuli Venezia Giulia 1,220 2.00% Veneto (13%) and Piedmont (13%). Also, more par-
Lazio 4,260 6.99% ticipants were women (52%) than men (48%).

Moreover, Table 1 reports the COVID-19 statuses

Liguria 951 1.56% ; ! ; ) .
Lombardia 17568 28.83% at different time points (i.e., April 2020, November
’ 2020, and August 2021). Only the employees that
Marche 1,178 1.93% .
reported confirmed, close contacts, possible contacts
Molise 106 0.17% and possible probable contacts were collected in the
P.A. Bolzano 125 0.21% data set, thus the total of COVID-19 statuses differs
P.A. Trento 231 0.38% from one time to another. The total COVID status
Piemonte 7,699 12.63% increases over time. Specifically, in April 2020, the
Puglia 2,408 3.95% total COVID statuses was 7.43% of the total popu-
Sardegna 963 1.58% lzition, with thei Smajor;t)i ofl\tlhe cas]:s reportedhto be
- close contacts (5.80%). In November 2020, the to-
Sicilia Loal 3:19% tal COVID status was 34.96% of the total popula-
Toscana 4,006 6.57% tion, distributed almost equally between concluded
Umbria 760 1.25% (15.65%) and close contacts (11.88%). In August
Valle d’Aosta 106 0.17% 2021, the total COVID status was 65.29%, mostly
Veneto 7,875 12.92% concentrated in the concluded status (30.04%) and
Covid Status (April 2020) close contacts (19.10%).
Concluded 98 0.16%
Confirmed 179 0.29% 3.2. Comparison of Incidence with General
Close contacts 3,537 5.80% POPUIatlon
Possible contacts 13 0-18% 'The comparison of the 7 days rolling mean of new
Possible-probable contacts 543 0.89%

confirmed cases rate between the Italian population
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and the study population showed that the infection  3.3. Individual-Level Analysis of Determinants
rate of the study population followed the national ~ of Prevalence of Infections and Contacts

trend, but it was lower, in particular at the begin-

ning of the pandemic (Supplementary Figure 1, The analysis of individual data (Table 2) showed

Figure 1). a strong association between all indicators analyzed
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Figure 1. Odds ratio of confirmed case (A) close contact (B) and possible-probable contact (C) in branch workers vs central
office workers, by date. Vertical lines indicate dates of lock-down strategies in Italy.
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Figure 1. (C) (Continued)

and employment in a branch. The risk for the female
was always higher than for male in all the statuses and
for all the time points considered, the highest is the
possible-probable contact on April 2020 (OR=1.77,
CI: 1.27-2.47). The risk of close contact was higher
in the age group 50-54 than in other age groups in
all time points considered (April 2020: OR=1.39,
CI:1.23-1.58; November 2020: OR=1.12, CI: 1.04-
1.20; August 2021: OR=1.17, CI: 1.10-1.24). The
risk of possible-probable contact was higher in the
age group below 45 years than in older age groups
in August 2021, with the minimum risk in the age
group 55+ (OR=0.72, CI: 0.66-0.79).

The comparison between employment in the
central office and in-branch showed, for all indica-
tors except possible-probable contact, a 3-4 times
higher prevalence among those working in a branch
compared to those working in central offices, with
an increase of this ratio over time, with its peak for
the close contact status on August 2021 (OR=4.92,
95% CI: 4.66-5.19). The risk of the confirmed
Covid status is not significant for the gender and
the age variables included in the model, and it is
significant for the site variable, with higher risk
for the bank branch than the bank central site in

2021-01 2021-03 2021-05 2021-07 2021-09

Date

all time points (April 2020: OR=1.89, CI: 1.29-
2.77; November 2020: OR=1.66, CI: 1.42-1.95;
August 2021: OR=1.82, CI: 1.70-1.94). The analy-
sis, including geographical units (Supplementary
Table 1), showed an excess of possible-probable
contacts and close contacts in the provinces of
Lombardy and other areas with high a general pop-
ulation rate of infection during the corresponding

period.

3.4. Geographic Analysis of Determinants
of Prevalence of Confirmed Cases

The results of the analysis excluding provinces
with no confirmed cases up to 31 August 2021 are
presented in Supplementary Figure 2. The preva-
lence of close contacts showed the strongest asso-
ciation with that of confirmed cases; the prevalence
of possible-probable contact was also strongly as-
sociated during the last months of the observa-
tion period. Corresponding analyses, including all
provinces, are reported in Supplementary Figure 3.
These results highlight how the prevalence of close
contacts and of possible-probable contacts are pre-
dictive of the burden of confirmed cases.
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Table 2. Odds ratio® (ORs) of each status and the corresponding 95% confidence intervals (minimum and maximum), for
three time periods: April 2020; November 2020; and August 2021.

April 2020 November 2020 August 2021

Min Max Min Max Min Max
Variable and category ~ Status OR CI CI OR CI CI OR cCI
Sex (M) Close Contact 1P - - 1b - - 1b - -
Sex (F) Close Contact 113 1.03 124 1.09 1.03 115 1.09 1.05 1.14
Age (< 45) Close Contact 1° - - 1° - - 1P - -
Age (45-49) Close Contact 121 1.05 140 106 097 115 1.10 1.03 1.17
Age (50-54) Close Contact 1.39 123 158 1.12 1.04 120 117 110 1.24
Age (55+) Close Contact 122 1.08 139 1.01 094 1.09 103 097 1.08
Site (Bank Central Site) Close Contact 1° - - 1° - - 1° - -
Site (Bank Branch) Close Contact 326 2.89 3.67 4.01 373 431 492 466 5.19
Sex (M) Confirmed 1P - - 1b - - 1b - -
Sex (F) Confirmed 0.88 062 124 092 079 106 1.03 097 1.09
Age (< 45) Confirmed 1° - - 1° - - 1° - -
Age (45-49) Confirmed 0.77 042 141 098 0.78 123 1.07 098 1.17
Age (50-54) Confirmed 098 059 162 101 082 123 1.06 097 1.15
Age (55+) Confirmed 1.50 098 229 110 091 132 1.02 094 1.10
Site (Bank Central Site) Confirmed 1° - - 1° - - 1° - -
Site (Bank Branch) Confirmed 1.89 129 277 166 142 195 1.82 170 194
Sex (M) Possible-probable contact 1 - - 1b - - 1b - -
Sex (F) Possible-probable contact  1.77 1.27 247 128 116 142 115 1.08 1.23
Age (< 45) Possible-probable contact 1° - - 1° - - 1° - -
Age (45-49) Possible-probable contact  1.12  0.70 1.78 1.01 0.88 1.16 0.97 0.88 1.07
Age (50-54) Possible-probable contact  1.00 0.65 1.54 091 0.80 1.03 0.89 0.82 0.98
Age (55+) Possible-probable contact  1.17 0.79 175 0.77 0.68 0.88 0.72 0.66 0.79
Site (Bank Central Site) Possible-probable contact 1° - - 1° - - 1° - -
Site (Bank Branch) Possible-probable contact ~ 5.70  3.45 9.44 2.63 234 295 245 227 2.65

*Obtained from a logistic regression models.
&Rg%reme category.

3.5. Analysis of Transition of Status

Table 3 presents the estimated transition prob-
ability matrix qrs for the seven-day lag observed
in three different time frames: March 30 — April
30, 2020; November 1 — November 30, 2020; and
August 1 — August 31, 2021. The diagonal of this
matrix provides the estimated probability of remain-
ing in that particular status. In April 2020, the status
that shows the lowest probability of remaining the
same (86%) is that of concluded case. In November

2020, the status that shows the lowest probability of
remaining the same (52%) is that of close contact,
followed by that of possible-probable contact (54%).
Finally, in August 2021, the status that shows the
lowest probability of remaining the same is possible
contact (39%), followed by close contact (43%) and
possible-probable contact (44%).

When focusing on the transition from one sta-
tus to another, i.e., the non-diagonal element of
the transition probability matrix, we found that the
status with the greatest probability of becoming a



DeTerMINANTS OF CoviD-19 INFECTION 9

Table 3. Transition probability matrix q,, with 7 lag days, at April 2020, November 2020, and August 2021.

Close Possible Possible
Status Period Concluded Confirmed contact contact Probable = No-Covid
Concluded April 2020 0.86 0.12 0.02 0.00 0.00 0.00
Confirmed April 2020 0.00 0.97 0.00 0.00 0.01 0.01
Close contact April 2020 0.00 0.00 0.99 0.00 0.00 0.00
Possible contact  April 2020 0.00 0.00 0.00 1.00 0.00 0.00
Possible Probable April 2020 0.00 0.01 0.00 0.00 0.97 0.02
No-Covid April 2020 0.00 0.00 0.01 0.00 0.00 0.99
Concluded November 2020 0.95 0.04 0.00 0.00 0.00 0.00
Confirmed November 2020 0.27 0.73 0.00 0.00 0.00 0.00
Close contact November 2020 0.00 0.04 0.52 0.00 0.01 0.43
Possible contact ~ November 2020 0.00 0.01 0.02 0.70 0.00 0.27
Possible Probable November 2020 0.01 0.16 0.00 0.00 0.54 0.30
No-Covid-19 November 2020 0.00 0.00 0.01 0.00 0.00 0.98
Concluded August 2021 1.00 0.00 0.00 0.00 0.00 0.00
Confirmed August 2021 0.29 0.71 0.00 0.00 0.00 0.00
Close contact August 2021 0.00 0.04 0.43 0.00 0.00 0.53
Possible contact ~ August 2021 0.00 0.00 0.00 0.39 0.00 0.61
Possible Probable August 2021 0.01 0.03 0.00 0.00 0.44 0.52
No-Covid August 2021 0.00 0.00 0.00 0.00 0.00 1.00

confirmed case was concluded case (12%) in April
2020; possible-probable contact (16%) in November
2020, and close contact (4%) in August 2021. In
April 2020, the remaining transition probabilities
remained low (around 0.2-0.3%). In November
2020, the transition from close contact to no-Covid
had the highest probability (43%), and the prob-
abilities of transition from possible contact and
possible-probable contact to no-Covid status were
also high (27% and 30%, respectively), while that
of the transition from possible-probable contact
to the confirmed case was 16%. The probability of
transition from close contact to confirmed case was
0.4%, and that from possible contact to confirmed
case was 0.2%. Overall, the status with the greatest
probability of becoming confirmed case was prob-
able contact.

In August 2021, the transition from possible con-
tact to no-Covid status had the highest probability
(61%), followed by the transition from close contact
and possible-probable contact to no-Covid status

(53% and 52%, respectively). The remaining transi-
tion probabilities were lower than 0.5%.

Supplementary Table 5 shows the transition
probability matrix with 15 days lag in the three-
time frames, April 2020, November 2020, and
August 2021. Supplementary Figure 4 shows the
transition probability with 15 days lag, and the
estimated probability of each status, with a lag of
15 days during the whole study period. These results
confirm those based on a lag of 7 days (Table 3 and
Supplementary Figure 6).

Supplementary Figures 4a and 4b show the
estimated probability of transitioning from each
status to that of confirmed case by gender, with
a lag of 7 days. In general, there were no differ-
ences between women and men. Minor discrepan-
cies were observed in July 2020, with a minimum
for women compared with men, and in September
2020, with a peak for men compared to women.
After November 2020, the two lines have a similar
trend.
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Supplementary Figure 6 shows the estimated
probability of transitioning from each status to that
of confirmed case, with a lag of 7 days. The status
with the highest transition probability of becoming
a confirmed case, excluding the confirmed case it-
self, is possible-probable contact. The grey dashed
lines in the plot indicate the three different lock-
down strategies adopted in Italy after the two first
peaks of the disease. All three lock-down strategies
appeared to have a beneficial effect. The probabil-
ity of transitioning to the confirmed case decreased
after each lock-down for all the statuses in the fol-
lowing 7 days.

Supplementary Figure 7 shows the probability
of infection separately for central office and branch
workers, with a lag of 7 days. Central offices showed
a higher probability of transitioning to the confirmed
case than the branch workers; conversely, the opposite
trend was suggested for possible-probable contact.

Figure 2 compares the daily number of actual
confirmed cases with the corresponding prediction
derived from the multi-status transition model, with

a lag of 7 days. The model predicted well the actual

confirmed cases. Similar results were obtained with

a lag of 15 days (Supplementary Figure 5).
4. DISCUSSION

This is a large longitudinal study conducted
within a major financial institution in Italy, based on
the collection of individual-level daily information
on COVID-19 status of all the employees. Our aim
was to capture the overall socio-economic picture
during the COVID-19 pandemic, providing new
information on risk of infection in an occupational
setting.

Two different approaches were considered
overlaying six different COVID-19 statuses:
(1) concluded case, (ii) confirmed case, (iii) close
contact, (iv) possible-probable contact, (v) possible
contact, and (vi) no contact or infection (no-Covid).
The first approach consisted of logistic regression
model conducted to assess the OR of transition
to confirmed COVID-19 statuses at each time
point; the second approach relied on the multi-
state Markov model to estimate the probability of
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transition of each status at each time point. These
methods optimally estimated and predicted the
spread of COVID-19 at each time point, with a lag
of 7 or 15 days.

This is one of the few studies to provide an ac-
curate prediction of COVID-19 infection among
workers, otherwise suitable for potential application
in other settings, including hospitals (both among
health care workers and hospitalized patients) and
schools.

Many mathematical and statistical approaches
with different complexity have been developed
to predict the consequences and spread of this
epidemic. COVID-19 outbreaks prediction has
been the object of previous studies [34, 35], primar-
ily based on artificial intelligence and other mod-
eling. For example, the re-opening of schools in the
UK was questioned in a paper which applied a sta-
tistical predictive approach considering hypotheti-
cal situations and predicting the possible infection
rates [36]. When high-quality data are available,
models such as SIR [35] are powerful in estimating
the dynamics of a spread of any epidemics, includ-
ing that of COVID-19 [36-38]. However, SIR-
based models rely on accurate initial estimates of
the spreading mechanism that are often unknown.
Also, these models are often inflated, overestimat-
ing the epidemic severity [39] and underestimating
mobility. Mobility is a crucial key in this pandemic,
both at the large level — across the world — and at the
small level — Italy. This issue had still a role during
the lock-down phases, e.g., through patients transfer
from one hospital to another. Our empirical meth-
ods prevent these two issues from avoiding the spec-
ification of the initial mechanism of disease spread
and allowing mobility across regions. Also, our study
identified some critical characteristics to be taken
into account in predictive models for COVID-19
transmission, including the job category. This con-
firms the usefulness and reliability of risk assessment
in predicting the occurrence of infection.

Our analyses revealed some crucial patterns. First,
at the beginning of the pandemic (April 2020), the
likelihood of an employee falling in the status “con-
cluded”was the lowest. This pattern reflects the high
number of contacts that people experienced in a pe-
riod when remote working was not yet widespread,

and the use of personal protection equipment (PPE)
was limited based on limited recommendations and
lack of availability. Second, in November 2020, dur-
ing the COVID-19 second wave, the Italian situa-
tion appeared different: close contact was the status
less likely to be maintained. This pattern highlights
the multiple contact experiences in a short period.
Third, in November 2020, our models estimated a
high probability of subjects in a close contact sta-
tus transitioning into no-Covid status. This pat-
tern indeed is consistent with the fact that at the
time people in Italy were more prepared to manage
the infection risk, i.e., by wearing masks, sanitizing
hands and maintaining the recommended inter-
personal distance [37, 38]. The major attention and
knowledge of the infection also led to better man-
agement of the incident cases, including contact
tracing and self-isolation.

Across the entire study period, possible-probable
contact was the status with the highest probability of
transition into a confirmed case. Thus, our methods
and the overall monitoring system appear to be co-
herent and reliable, reproducing by and large the risk
assessment procedures developed in the healthcare
setting. Close contact was not the strongest predic-
tor of COVID-19 infection, as expected. A possi-
ble reason is a low specificity in the definition of
close contact. Also, after the vaccination campaign,
a larger number of subclinical infections may have
been present in 2021, which prevented the disease
but not so much the infection itself [39]. SARS-
CoV-2 variants do not seem to play a role in these
results, as the Delta variant was first reported in fall
2021 [40].

We observed a lower risk of transition to con-
firmed status in correspondence to the lock-down
phases and the summer. While this latter result
was expected, given the naturally downscale of
respiratory-born infection spreading with increas-
ing temperature, the first result reflects the effec-
tiveness of the restriction strategies adopted by Italy
and in particular at the workplace. This was seen in
both sexes, all ages and independently from the oc-
cupational location, as well as in all the Italian re-
gions. When focusing on the lock-down periods,
notably, we observed a drastic reduction of the in-
fection rates in this working setting, suggesting the
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infection control obtained through the severe re-
striction policy adopted in the country. In general,
the containing measures introduced at different
times could have impacted the transmission of in-
fection among workers. This is consistent with other
studies investigating and predicting the infection
trends in Italy [41, 42].

Individuals working in the branches were more
likely to transition from any status to confirmed. This
is consistent with the fact that central office workers
started working from remote early on in the pan-
demic. Employees in branches were therefore more
exposed to the public and thus had a higher possibil-
ity of being in contact with infected people, includ-
ing colleagues, than central office workers. However,
workers who continued to work in the branches,
rather than switching to remote work, had oppor-
tunities of exposure other than the workplace, such
as transportation and more active social exchanges.
Their higher risk of infection cannot therefore be
attributed only to occupational circumstances. The
comparison between the study population and the
general Italian population showed a lower incidence
of new cases in the former: this was probably due to
the fact that the company under study adopted early
in the pandemic severe actions in order to protect
the staft and the customers such as remote working,
the obligation to use personal protective equipment
and a massive tracking of contacts.

It should be noted that, despite the difterent risks,
there was no difference regarding the timing of vac-
cination. Indeed, both fell into the general popula-
tion category addressed with vaccination schedules
from March 2021. In addition, these differences
seem not to depend on the socio-demographic
characteristics of the participants, given the mul-
tiple adjustments included in the models. The dif-
terence by employment site was particularly evident
for possible-probable contact (up to 5 folded risks in
the earliest phase of the pandemic).

The apparent higher likelihood of transition-
ing status registered in August 2021 rather than
November 2020 may be partially explained by the
exit from lock-down. Noticeably, Italy was not only
the first country to be hit by COVID-19 in Europe,
but also the first and the most severe in introduc-
ing compulsory use of PPE and other preventive

measures, including the mandatory vaccination for
workers. For example, mask-wearing was mandatory
from 16th August 2020 in areas where social dis-
tancing was not possible, and from 24th September
2020 some Italian regions introduced more strict
measures, i.e., the obligatory use of masks every-
where, also outdoor [43]. The re-opening of eco-
nomic activities was predicted to be followed by
another increase in the infection rates [44].

'This study has some limitations. Our results are
based on data collected by the occupational medi-
cal service and, in turn, reported by the employees
themselves. In particular, as discussed above, the
definition of close contacts suffered from low speci-
ficity; this was a deliberated choice, aimed at the
protection of the workers. Such misclassification
likely was non-differential for confirmed cases given
the need for a test to confirm it.

Also, data on vaccination status and date of
vaccination were not available, limiting the inter-
pretation of the results. Finally, we lack clinical data,
as the symptoms and health status of the employees
were not known.

It should be highlighted that the large major-
ity of the study population were from a defined
geographic area (i.e., Lombardy, Veneto, and Emilia
Romagna), where the majority of the bank offices
of this institution are located. This did not impact
any statistical analyses and methods, which reported
good significant results and thus revealing robust-
ness of the methods here adapted.

Adopting this or a similar approach in the oc-
cupational setting may help the organization of a
company, offering one week to adopt preventive
measures, and balancing the internal sources and
improving the working activity in a specific work-
site. The perspective of a translation of this predic-
tive model to other settings, such as hospitals and
schools, is potentially critical given the importance
of a system able to predict the infection rate without
the specification of the initial mechanism of dis-
ease spread and allowing mobility across locations,
i.e., here regions. Thus, the statistical approaches
adopted in this manuscript can direct the public
efforts and help taking decisions (e.g., expanding
emergency rooms and medical personnel, adopting
distant learning).
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'The results of our study underline the importance
of further investigating the characteristics of the
infection and its impact on the economic sec-
tor to reinforce the measures needed to guarantee
the health and protection of workers. It would be
necessary to consolidate remote working and re-
inforce organizational support with coaching and
training tools. This would help in containing the
risk of infection in case of emergency such that
of Sars-Cov-2 spreading without compromising
productivity. Epidemiological studies on seropreva-
lence of Sars-Cov-2, including elements related to
occupational variables, will constitute further im-
portant contributions to the context analysis. In this
respect, it is important to stress that this is among
the first examples of detailed surveillance study of
the COVID-19 epidemics conducted on the whole

workforce of a major financial institution.
5. CONCLUSIONS

In conclusion, this study describes an accurate
predictive statistical approach for COVID-19 in-
fection developed based on the daily, individual-
level data collected by the occupational surveillance
of the employees of a large financial institution in
Italy. The definition of infection status allowed to
effectively distinguish pattern of Sars-Cov-2 trans-
mission in the workforce with good prediction level
at each time point and could be suitable for other
settings. The proposed approach might contribute
to early identification and control of the outbreaks
of COVID-19 infection at the occupational level in
the future. Models based on similar characteristics
might be useful for the management of other pos-
sible epidemics.

SUPPLEMENTARY MATERIALS: The following are available in
the online version: Supplemental material (text) S1, Figure
S1: Geographic analysis of determinants of prevalence of
infections and contacts. The dashed grey lines represent
the three lock-down strategies adopted in Italy, Figure S2:
a) Probability of being confirmed for males and female for
all the statuses, lag of 7 days, observation period 03/2020 —
09/2021, b) Probability of being confirmed for males and
female for all the statuses excluding the confirmed status
itself, lag of 7 days, observation period 03/2020 — 09/2021,
Figure S3. Distribution of the confirmed cases (red line) and

the estimated confirmed cases with prediction of 15 days
(blue line), for a lag of 15 days. The grey intervals repre-
sent the confidence intervals for our estimates. The verti-
cal dashed grey line represents the two lock-down strategies
adopted in Italy. Table S1: Sociodemographic characteristic
of the population for each statuses considered, at August 31,
2021 Table S2: Odds ratio (ORs) of each status for each
Italian region, and the corresponding 95% confidence inter-
vals (minimum and maximum), for three time periods, Table
S3: Transition probability matrix qrs with 15 lag days, for
three time points: March 30,2020; November 1,2020; and
August 1/2021.
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