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a b s t r a c t

The ongoing COVID-19 epidemic highlights the need for effective tools capable of predicting the onset of
infection outbreaks at their early stages. The tracing of confirmed cases and the prediction of the local
dynamics of contagion through early indicators are crucial measures to a successful fight against
emerging infectious diseases (EID).

The proposed framework is model-free and applies Early Warning Detection Systems (EWDS) tech-
niques to detect changes in the territorial spread of infections in the very early stages of onset. This study
uses publicly available raw data on the spread of SARS-CoV-2 mainly sourced from the database of the
Italian Civil Protection Department.

Two distinct EWDS approaches, the Hub-Jones (H&J) and Strozzi-Zaldivar (S&Z), are adapted and
applied to the current SARS-CoV-2 outbreak. They promptly generate warning signals and detect the
onset of an epidemic at early surveillance stages even if working on the limited daily available, open-
source data.

Additionally, EWDS S&Z criterion is theoretically validated on the basis of the epidemiological SIR.
Discussed EWDS successfully analyze self-accelerating systems, like the SARS-CoV-2 scenario, to

precociously identify an epidemic spread through the calculation of onset parameters. This approach can
also facilitate early clustering detection, further supporting common fight strategies against the spread of
EIDs. Overall, we are presenting an effective tool based on solid scientific and methodological founda-
tions to be used to complement medical actions to contrast the spread of infections such as COVID-19.

© 2020 Elsevier Inc. All rights reserved.
1. Introduction

The ongoing outbreak of the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), propagated in more than 215 coun-
tries, claimed more than 1,000,000 lives and over 44,000,000
confirmed cases worldwide since early December 2019 [1];
numbers that are probably underestimated. The outbreak was
defined a public international health emergency on January 31st,
2020 and the pandemic scenario was declared on March 11th, 2020
[2]. Since then, governments took unprecedented measures to
llo).
reduce its spread including travel restrictions, physical distancing
and extended closures [3e5]. Research leaps forward brought cures
and vaccines closer to the population, but key mitigation strategies
must still be based upon urgent community interventions. Such
early mitigative measures can delay exponential outbreaks and
prevent emerging infectious diseases (EID) spread [6e8].

Notwithstanding an erroneous initial low risk perception in
SARS-CoV-2, several governments mobilized to minimize the virus
transmission. In Italy, the alert level spiked when Veneto and
Lombardy regions experienced a rapid infection growth at the endo
of February. This prompted Italian Authorities to enforce a total
lockdown (March 9th) to avoid the collapse of the health system.
Besides China, and although to different extents, other countries
faced analogous challenges [9,10].
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Despite countries adopting risk mitigation measures at un-
precedented levels, SARS-CoV-2 brought out the weaknesses of the
current systems, mainly ascribed to their unpreparedness and
delayed actions. Starting from the concept of sociotechnical sys-
tems, the resilient capability failed at least partially in the three
relevant phases: avoidance, survival and recovery. The focus of this
paper is on sensing early warnings based on weak signals, which,
together with error tolerant design, plasticity and recoverability,
are the key elements of system resilience.

Preparedness is a key condition to effectively control EIDs out-
breaks, and in SARS-CoV-2 scientific warnings were not detected
quickly enough [9], as evidenced by the study of control measures
in different Countries [11]. Delayed risk mitigation measures may
trigger local outbreaks, leading to a full pandemic scenario, espe-
cially with new biological agents characterized by high infectivity,
high morbidity and even lethality. The window of intervention for
full containment may be very narrow, and an early detection and
identification of abnormal increases of epidemic data is pivotal.

Early warning systems for EIDs are therefore an essential
requirement for a robust public health emergency work, quickly
and robustly translating warnings into a structured response
strategy. They are challenged to quantitatively analyze surveillance
data with specialized early detection approaches on data aberra-
tions, to send out signals related to EID outbreak. Early detection
and interpretation of abnormal rises in surveillance data are
essential for the incisive control of infectious diseases and a rapid
response to potential uncontrolled spreads [12], thus representing
an up-to-date research topic still not fully explored in the scientific
literature.

This approach is here proposed for the first time in the given
context and relies on a conceptual similarity between the early
trend of the SARS-CoV-2 data and a self-accelerating system that
may rapidly escalate to uncontrolled conditions. Such systems are
well-documented in the field of chemical engineering within the
framework of runaway mechanisms, where EWDS methodologies
apply. EWDS are targeted to monitor evolving systems and to
detect suitable early-warning conditions for uncontrolled runaway.
We here discuss the applicability and adaptability of two EWDS
criteria to EIDs outbreaks: the Hub-Jones (H&J) [13] and the Strozzi-
Zaldivar (S&Z) [14] approaches. They can work on available, daily
real-time, open-source SARS-CoV-2 data at early surveillance
stages, even if limited, to promptly generate warning signals and
detect the onset of a potential epidemic. These signals are produced
upon detection of a specific indicator and depend on the adopted
approach. The H&J and S&Z EWDS are here exemplified using the
dynamics of Lombardy and Sardinia, althoughmethodologies are of
general applicability and model-free, requiring only dynamics data
and no previous model training. We demonstrate how these ap-
proaches enable the prompt detection of onset conditions and
abnormal changes of disease trends, within a perspective of
surveillance-based early warning monitoring. The simplicity of the
approach is a must when limitations in the quality and quantity of
data impede building more complex versions [7].

This research aims at providing methodologies greatly
advancing the detection of clustering and early spread of EIDs. This
strategy may enhance the community resilience against new EIDs
outbreaks by lowering the intervention time, and supporting policy
makers to rapidly detect aberrations and put appropriate actions in
place [15]. Improved prediction and prevention science supports
building defenses against biological threats, and can be used to
assess and manage risks upstream of outbreaks [16,17]. A more
integrated and transdisciplinary approach can anticipate and
reduce risk from the onset in a prevent-detect-respond-recover
strategic virtuous loop.

The following sections are structured as follows: section 2
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outlines the methodology for early warning detection; section 3
illustrates the data collection strategy for modeling, introducing
the issue of data uncertainties and possible consequences onmodel
estimates; section 4 presents the EWDS framework, adapted from
the H&J and S&Z models, proving its successful use in two detailed
Italian case studies and upon theoretical validation against a simple
epidemiological model. Section 5 finally discusses the main find-
ings and limitations of the study, and draws conclusions.
2. Early warning detection system methodology

Several criteria for the prediction of onset conditions in runaway
systems have been published over the past 50 years. EWDS meth-
odologies can be classified into geometry- or sensitivity-based. In
geometry-based approaches, the runaway behavior is described
according to the geometrical features of a system variable such as
dimensionless temperature or heat release rate. The further adop-
tion of innovative criteria based on parametric sensitivity allows
surpassing the limiting factor of not quantifying the runaway
magnitude. The key observation is that approaching the runaway
point the system becomes very sensitive to perturbations, and ex-
periences dramatic changes in response to little variations of the
system parameters. The identification of this “sensitivity region”
provides the alert conditions for the thermal runaway.

This class of reliable and validated methodologies includes the
H&J [13] and S&Z [14] approaches.

The H&J criterion [13] states that runaway occurs when the first
and the second mathematical derivatives of a system variable s
(usually temperature, T) with respect to time t are simultaneously
positive, i.e.:

8>>><
>>>:

ds
dt

>0

d2s

dt2
>0

(1)

In a typical reaction engineering system, as a reactor tempera-
ture increases so that dT=dt >0, the runaway occurs if also the
second condition of Eqn. (1) holds. The boundary between a stable
and an unstable (runaway) behavior is represented by the tem-
perature vs. time trajectory where the maximum value of (d2T/dt2)
is zero while the reactor temperature is increasing.

A different approach is the divergence criterion of S&Z [18,19],
which finds its basis on chaos theory [14]. This generalized
approach can operate under complex systems and does not require
specific mathematical models of the process investigated, thus
making it suitable for on-line detection of runaway deviations.
When applied to a batch reactor as t/∞, the trajectory of the
system in the space of phase tends to a specific point; as an
example, we can see it in the reactor temperature equaling the
ambient or jacket temperature while the reactant conversion is
maximized. Generalizing, the trajectories of two variables meet at
the same final point, when the reaction is complete. However, the
individual paths can diverge on their way to the final state. If the
system parameters are close to the runaway boundary, a small
position change results in a wide perturbation of the trajectories.
The runaway condition is detected with the evaluation of the
divergence of the mathematical system composed of balance dif-
ferential equations. Once a local positive divergence occurs along
the trajectory, the process operates under runaway conditions. In
the approach by S&Z, the Lyapunov exponents are used to define
the sensitivity and the phase space volume elements are expressed
in terms of temperature differences [14].
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3. Epidemiological history and data

This study is based on publicly available raw data mainly
sourced from the database of Dipartimento della Protezione Civile
(Italian Civil Protection Department) GitHub repository [20], where
daily updates related to the COVID-19 emergency are posted.

Considered data cover 241 days from February 24th, 2020 (day
1) to October 22nd, 2020 (day 241) and the trend of the Italian
epidemiological scenario based on real data is reported in Fig. 1.

It is important to emphasize that the proposed approach is
model-free, and entirely based on available real data. These
distinctive features make the foundation and the approach vali-
dation, directly related to “pure” datasets without the need for any
modelling-related background.

The proposed methodology is applied to the real data of two
Italian regions, selected based on their peculiar characteristics
relevant to COVID 19 spread, being very different by their typical
territorial, social, economic, environmental and cultural features.
Lombardy was thus selected as representative of the most critical
context in the Italian scenario due to its demographic and industrial
concentration, while Sardinia as an isolated domain, characterized
by two different flows of people over time: very high flow rates
during summer vacations and reduced transfers across the borders
for the rest of the year.

Lombardy claimed the first Italian SARS-CoV-2 patient in Italy,
while Sardinia registered its first case on March 3rd.

Fig. 2 shows the trend of the epidemiological curves according
to real data till September 8th, 2020 for Lombardy and Sardinia.
4. Results and discussion on the framework for early warning
detection system

EWDS techniques discussed in section 2 were tested on
Fig. 1. Epidemiological curve of Italy in the per
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available epidemic data. Their performance was assessed with
respect to the capability of early alerting on epidemic outbreaks. A
timeline of the main relevant events is given in Table 1.

Additionally, EWDS S&Z criterion is firstly theoretically vali-
dated on the basis of the epidemiological SIR (Susceptible, Infec-
tious, and Recovered) model [21] simulated data, to compare
results with those based on the reproductive number R0, a widely-
known epidemiologic metric used to describe the contagiousness
or transmissibility of infectious agents.
4.1. H&J approach

The application of the H&J approach requires the calculation of
the first and second derivative of a generic system variable s. Here, s
stands for the total reported cases of infection and the number of
deceased patients. As of Fig. 3, the first and second derivatives
calculated from raw data for Lombardy show some noise, mainly
derived from the collection system. Nonetheless, the reported
profiles show the overlapping effect on the epidemic curve of
multiple subsequent outbreaks. Specifically, the outbreaks of Lodi,
Brescia - Bergamo and Milan are detected (highlighted by arrows)
according to historical evidences.

Based on the runaway criterion, the epidemic trend is self-
accelerating when both first and second derivative are positive,
allowing to identify the local development trend of the epidemic
scenario and the start of the regression phase, when the derivatives
have opposite sign.

The same criteria was then applied to the epidemiological
curves of Sardinia, Fig. 4, were a delayed and reduced SARS-CoV-2
contagion was recorded and potentially correlated to its
geographical isolation, and reduced in/out flux of people.

The strength of the proposed methods is in the early prediction
of the onset point of an emerging epidemic outbreak. From the
iod February 24th e October 22nd, 2020.



Fig. 2. Real data trends of Lombardy and Sardinia until September 8th, 2020.

Table 1
Main events in the timeline of the considered epidemic real data.

Event Date Reference sample Sampled Day

Lodi outbreak Feb 24th, 2020 Lombardy 0
Brescia-Bergamo outbreak Mar 14th, 2020 19
Milano outbreak Mar 26th, 2020 31
Sardinia first recorded case Mar 3rd, 2020 Sardinia 8
National lockdown (President of the Council of Ministers decree) Mar 22nd, 2020 All 27
Reopening of production activities May 4th, 2020 70

Fig. 3. First and second derivative profiles of epidemiological real data trends in Lombardy (Italy), related to total and deaths reported cases. The timeline is evaluated from the first
reported case. Black arrow denotes the outbreaks of Lodi, red arrow Brescia - Bergamo and the blue arrow that of Milan. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)

C. Vianello, F. Strozzi, P. Mocellin et al. Biochemical and Biophysical Research Communications 538 (2021) 244e252

247



Fig. 4. Derivatives profile of epidemiological trends in Sardinia (Italy) related to total and deaths reported cases. Abscissa denotes time in days since case 1 was recorded.
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sample geographic area and monitoring data, the point matching
the onset of the self-accelerating trend can be detected well in
advance. Fig. 5 refers to Lombardy data and details the application
of the method in detecting the onset by evaluating variation of the
first derivative near the spike for the first 60 days.

Fig. 6 shows the determination of the onset based on Lombardy
and Sardinia data (Fig. 6a and 6. b).
Fig. 5. Application of the EWDS of Hub and Jones in Lombardy region. Identification of
the onset date based on the trend of total cases. Real data are black dotted, the base
line is black dashed, black line denotes the onset of Lodi, red line Brescia - Bergamo and
blue line Milan. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)
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Table 2 shows the results related to the onset of Lombardy and
Sardinia regions.

Data from Table 2 prove that the H&J approach is suitable for the
early detection of self-accelerating trends of the epidemiological
dynamics. The onset identification allows for the determination of
the threshold day after which there’s an escalation to a critical
scenario. Calculated values via H&J approach are in line with the
real epidemiological history.

This approach thus has a strong potential for an early fight
against the onset of self-accelerated drifts of the epidemic scenario.
EWDS H&J strategy is intended as a complementary crucial tool to
anticipate an epidemic uncontrolled spreading on both local and
regional scales. In this way, appropriate and effective actions can be
put in place to ensure a successful preventive and mitigative
complete strategy.
4.2. S&Z approach applied to real data from Lombardy and Sardinia
regions

Figs. 7e8 show the behavior of the divergence calculated for the
total cases and number of deaths for the real data in Lombardy and
Sardinia.

The divergence calculated on Lombardy data (Fig. 7) is positive
but with a decreasing trend from day one (February 24th) until day
40 (April 4th -reopening of production activities). Divergence then
stabilizes around zero until day 158 (30 July), when another in-
crease ensues probably as an effect of circulation and contacts
among people during the summer, but without reaching the high
levels of February.

The behavior of the divergence for Sardinia (Fig. 8) shares sim-
ilarities with Lombardy, but also shows a few differences. Again, the
method’s prediction perfectly fits the real situation: the divergence
goes below zero a few days later than in Lombardy. Moreover, being



Fig. 6. Application of the EWDS of Hub and Jones in a) Lombardy region; b) Sardinia region.

Table 2
Calculation of onset for Lombardy and Sardinia scenarios via H&J approach.

Lombardy Sardinia

Real data 8.2 10.7
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Sardinia a typical summer holydays destination, the divergence
resumes positive values near the sampled point 120 (end of June),
way before Lombardy, which records new positive divergence at
sampled point 160 (end of July). This is an important finding, and
confirms the ability of the divergence operator to promptly detect
unexpected trends of the epidemics.

The divergence criterion, upon proper refinement, can be
applied using any variables, i.e. total cases and deceased, thus
making it possible to choose easiest to measure and/or cleaner one.
Another clear advantage is use of series of raw data to measure the
divergence, without the need of complex mathematical models,
thus reducing the sources of error. Last but not least, this indicator’s
ability to act as an amplifier of the trigger moment of the runaway
reaction, makes it possible to rapidly detect the appearance of
exponential accelerations in the number of infected or deceased as
it happens, for example, after the summer holydays or the
Fig. 7. Divergence calculated in Lombardy region for: (a) Total cases (infected þ deceased
reopened on 4th of May (Sampled point 70), 31st of May (Sampled point 97), 30th of June
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deceleration in response to mitigation strategies.
4.3. S&Z approach applied to the epidemiologic susceptible infected
recovered (SIR) model

In this section, the S&Z criterion is applied to the SIR model [22]
to provide a theoretical validation by analytically calculating the
divergence from the basic equations of the model. According to the
model, it is relatively simple to verify what happens when the
reproduction number R0 exceeds the critical value of 1 and the
epidemic spreads exponentially.

The SIR is the most widely accepted mathematical models for
the spread of a pandemic, and has been used in several studies
analyzing COVID-19 [23e26].

Letting s be the percentage of individuals susceptible to infec-
tion, i the infected, r the dead or recovered, b the probability of
contracting the disease and n the probability of healing, the SIR
model can be expressed as:
); (b) Deceased. The vertical lines represent, from left to right, production activities
(sampled point 127) and 31st of July (sampled point 158).



Fig. 8. Divergence calculated in Sardinia region for: (a) Total cases (infected þ deceased); (b) Deceased. The vertical lines represent, from left to right, production activities reopened
on 4th of May (Sampled point 70), 31st of May (Sampled point 97), 30th of June (sampled point 127) and 31st of July (sampled point 158).
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ds
dt

¼ �bsi

di
dt

¼ bsi� ni

dr
dt

¼ ni

(2)

The condition for outbreak spread is di
dt ¼ bsi� ni> 0, where bs

is the number of individuals who may be infected in the given
population s and 1/n is the average length of the period of
infectivity.

Under the conservative hypothesis that, at the onset, the entire
population is susceptible (i.e. S0 ¼ 1), by imposing R0 ¼ b/n, the
condition for the spread of the epidemic is R0 >1. Conversely, the
condition for epidemic extinction is:

bsi� ni<0 (3)

Based on the S&Z criterion, the epidemic does not spread if the
divergence of the system is lower than zero. The divergence is the
sum of the diagonal elements of the Jacobian matrix, that for the
SIR system (2) in a given state is:

J¼
2
4
�bi � bs 0
bi bs� n 0
0 n 0

3
5 (4)

The not propagating condition is therefore:

bðs� iÞn<0 (5)

When i ¼ 0 (i.e. at the beginning or at the end of the outbreak),
conditions (3) and (5) coincide.

The divergence during the whole evolution of the contagion can
be easily simulated with Matlab® and the results are shown in
Fig. 9. During the simulation, at time t¼ 40, the value of R0 is varied
from 0.7 to 2.2, and the divergence increases and becomes positive
indicating a restart of the outbreak.

Moreover, even if R0>1, just after t ¼ 80, when the infected
decrease below the susceptible, the divergence becomes <0, indi-
cating a contraction of the epidemic. The divergence thus seems a
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better indicator of the epidemic expansion than the reproduction
number.

5. Conclusions

The characteristics of the Covid-19 epidemic, combinedwith the
high population density and intense movements on the territory in
the North Italian area, has required and still requires an intense
scientific and technological effort to support the control and pre-
vention of the virus spread.

An effective fight against similar future scenarios must be a
rapid, integrated, and proactive intervention based on the ability to
aggregate large datasets from different sources with the tracing of
confirmed cases and the prediction of the local dynamics of
contagion through early indicators.

These elements are part of a “quick learn” strategy, where rapid
interpretation of evolving data is crucial to identify the best actions
to prevent and contain infection outbreaks, thus enabling Gov-
ernments to implement timely mitigating strategies. Additionally,
the rapid enforcement of preventive measures may avoid resorting
to drastic and prolonged lockdowns, which carry dramatic financial
implications.

To support this strategy, we proved that EWDS algorithms
developed and tested on the basis of ongoing epidemic dynamics,
can be validly used to monitor the evolution of EIDs. This approach
can be useful even if an EID is latent for medium to long periods in a
specified area, giving early warnings to detect the onset of new
outbreaks or the disease spread resumption.

Both discussed and adopted EWDS systems allow robust
monitoring of the development status of the epidemic, and to
predict early on-set peaks even in case of overlapping outbreaks.
The main advantage of the EWDS is the fact of being Model Free,
thus simply requiring series of data and not consolidated mathe-
matical models, thus greatly reducing the sources of error and
increasing their versatility.

The results of the twomethodologies show that the H&J method
can predict well in advance the set point of the exponential growth
of the epidemic. The S&Z method relying on the divergence,
highlights in advance the impact of the effects due to themitigation
decrees. The measures adopted in March in Italy influenced the
trend of the divergence, by decreasing it. On the contrary, when the



Fig. 9. In the upper part there is the evolution of the variables of the SIR model for ðs0;i0;r0Þ ¼ ð1, 0.005, 0.00). At the bottom the divergence reconstructed using the simulated data
of the recovered (r) when the basic reproduction number R0 changes from 0.7 to 2.2 at t ¼ 41.
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epidemic restarts the divergence again increases becoming higher
than zero and it can be used as an early warning system. The trend
is clearly highlighted for example during the summer holidays in
Italy, where Sardinia region represents an appealing and renowned
tourist resort (Fig. 8).

The results achievedwith the combination of the two developed
EWDS systems, can represent an early alerting tool for tracking the
epidemic. This combined approach can robustly support decision
makers to best define switches between phases (tightening and/or
untightening of restriction measures), also differentiated in the
national territory, and it can mainly be used as an early warning
tool for future epidemic outbreaks to be rapidly detected, confined
and recovered.

In perspective, the EWDS criteria may also be coupled with the
monitoring of other relevant data that will be identified by decision
makers on the basis of the fundamental scientific contribution of
the medical community. Even considering the limitations of the
combined approach, as commented by Thomas [7] “the knowledge
about the main modes of the epidemic’s behaviour and the orders
of magnitude of the numbers of people affected under the various
options can regarded as good enough to guide policy decisions”.

The proposed framework therefore lends itself easily to being
extended and applied to an increasingly evolved, exhaustive and
accurate context of available information.In this way, upon proper
refinement and possible connection with advanced epidemiolog-
ical data, a predictive tool based on solid scientific and methodo-
logical foundations will be made available to decision makers
which, coupled with medical and epidemiological studies suitable
for understanding the mechanisms of replication and spread of the
virus, can provide an integrated method for contrasting its spread.
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