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Abstract

The effective monitoring of the pandemic emergency and, specifically, the
early detection of surge phases are crucial to define proper health policies. We pro-
pose a statistical testing approach to identify the acceleration in contagion growth
that potentially marks the start of new waves, based on the study of the repro-
duction rate dynamics. The proposed method can be considered as a supplemen-
tary early warning system that can assist policymakers in the attempt to anticipate
and tailor countermeasures. It can also be used as an ex-post tool to date-stamp
surge phases and evaluate the impact of the implemented strategies on their tim-
ing. The effectiveness of our approach is exemplified on ten countries’ contagion
data, reaching robust and insightful results in assessing the timing and severity of
COVID-19 surge phases.

Keywords: COVID-19 pandemics, Reproduction rate, Explosivity tests, Epidemic
surge detection.

1 Introduction

The spread of the COVID-19 virus at the beginning of 2020 caught many governments
by surprise. Before the start of vaccination, at the end of 2020, governments have fo-
cused on so-called non-pharmaceutical interventions (NPIs), such as generalized lock-
downs or targeted lockdowns and quarantines for infected individuals, in the attempt
to reduce the reproduction rate of the virus and thereby limit the number of new cases
by preventing human-to-human transmission (so-called “suppression” strategy). Some
countries resorted to generalized lockdowns, while others have, at least initially, con-
sidered milder measures, such as mask-wearing and targeted quarantine, after contact
tracing, in the attempt to mitigate the overall social and economic cost for the whole
community. The start of vaccination campaigns - together with the outbreak of new



virus variants - added complexity to the evaluation of health policy measures, raising
the issue of assessing whether vaccination rates in combination with a certain amount
of NPIs are able to delay the occurrence of waves and/or influence their duration.

From its onset, the COVID-19 pandemic has infected more than 760 million people
and caused almost 7 million deaths in more than 200 countries around the world. The
associated real and social costs are paramount. Some estimates raise the global real
cost of the COVID-19 pandemic to several USD trillion (IMF, 2020). A great concern
has been the virus spread into countries with weaker epidemic management systems.
Nevertheless, it is likely that the world will continue to face epidemic risks, which
many countries are still ill-positioned to manage (Bitetto et al., 2021). In addition
to climate change and urbanization, global population displacement and migration —
now happening in nearly every corner of the world — create favorable conditions for
the emergence and spread of new pathogens.

Most efforts in the containment of the spread and effects of epidemics use the re-
sults of prediction models (Rivers et al., 2019; Polonsky et al., 2019). The prediction
of the COVID-19 behavior has deployed sophisticated methods that include big data,
social media information, stochastic models and data science/machine learning tech-
niques along with medical (symptomatic and asymptomatic) parameters (Shinde et al.,
2020; Nikolopoulos et al., 2021). However, prediction accuracy can be harmed by the
relatively short period of data availability, the data quality, the specific flaws in the data
collection process, the mutation of the virus, the jeopardized vaccination hesitancy in
specific subgroups of the populations but also by inaccurate algorithms and models.

The literature on epidemics forecast is vast and diversified according to the em-
ployed methodologies, the data and the specific aims. That said, we can imagine clas-
sifying field papers into two large categories:

» Compartmental models. Such literature assumes that the population can be com-
partmentalized into groups based on their status of infection and recovery, where
the typical ones are Susceptible (S), Infectious (I), or Recovered (R). Conse-
quently, an analysis of the transmission process among the groups is performed
using either deterministic or stochastic methods. The most famous and simple
example of such class is the SIR (or SEIR) model, and many models are built
upon this basic form (Arik et al., 2020; Harko et al., 2014; Kroger & Schlick-
eiser, 2020). The main limitation of such models lies in the determination of the
parameters that are influenced by many uncontrollable and dynamically chang-
ing factors (Zelenkov & Reshettsov, 2023).

» Statistical or Machine learning models. This type of approach implements a
more flexible and unstructured framework, fitting directly the data in accordance
with a specific data model. Some works combine the predictive aim with the
interpretation of parameters driving the infection count dynamics, to analyse the
differences between countries and pandemic phases (Agosto et al., 2021; Giu-
dici et al., 2023). Several papers also employ quite advanced and sophisticated
non-linear approaches like deep learning ones (Utku, 2023; Rodriguez et al.,
2021; Gao et al., 2021; Jin et al., 2021; Chauhan & Bedi, 2023). Those models
typically show high levels of flexibility that represents either an advantage or a



disadvantage since it can impose too simplistic assumptions that barely match
with the complexity of the phenomenon.

It is also important to refer to the extensive work put in place by both the Centers for
Disease Control and Prevention (CDC) and the European Center for Disease Control
and Prevention (ECDC), which fostered a collaborative effort of worldwide scholars to
produce ensemble forecast models (Cramer et al., 2022). Such initiatives allowed to
greatly improve predictive accuracy thanks to the averaging of results of several models
fitted according to different contexts, data, time horizons, approaches.

Given such general view of the main approaches to pandemic data analysis, we
should stress that one of the most relevant issues, in sketching proper health policy
strategies, is the identification of new waves of the disease and their extent, in terms of
severity (impact) and duration. This is true, independently of the presence and types
of countermeasures put in place by countries. This is particularly valid during the first
phases of any pandemic, when neither vaccinations nor systematized restrictions poli-
cies are put in place. Nevertheless, even during more advanced pandemic phases, a
complete and exhaustive set of all the needed information that would be beneficial to
the proper assessment of any virus spread, tends to be challenging and in most cases
unrealistic. Data are typically collected with delays, flaws, inconsistencies and differ-
ences among countries, thus making even more difficult any quantitative exercise.

Some works, such as Ayala et al. (2021) and Zhang et al. (2021), tried to identify
COVID-19 waves by fixing thresholds on the reproduction rate. Others focused on
comparing the impact of different COVID-19 waves (Salyer et al., 2021; Soriano et
al., 2021). However, there is still no standard definition of “waves”, nor a consensus
method to identify them. Indeed, to the best of our knowledge, the study and predic-
tion of waves is still an underrated research area, yet the compartmental models class
typically focuses on the prediction of the number of cases per se. Thus, there exists an
utmost request for an objective and data-driven mechanism able to support and convey
the detection of the imminent surge of the virus spread by epidemiologists and policy-
makers. In addition, the cited identification methods can be considered more heuristic
strategies, based on the observation of the reproduction rate and its permanence above
a given level for a chosen number of days, without considering either the reproduction
rate dynamics or the underneath stochastic process.

1.1 Our Contribution

In the present paper, our goal is to offer an objective and data-driven approach to help
the identification of phases of particularly rapid acceleration of the COVID-19 pan-
demic (and, more generally, of any virus spread) that could mark the beginning of a
new wave, using the time series of the reproduction rate. We take advantage of and
properly contextualize an econometric unit root test to study the evolution of the re-
production rate and to detect the potential occurrence of new waves, using an approach
previously employed to identify speculative bubbles within the financial markets. The
unit root testing approach was applied to COVID-19 data by Shi et al. (2021), but with
a focus on the dynamics of case-fatality ratios.

Insofar, we contribute to the existing literature with a method to control and manage



the evolution of pandemics that offers:

1. a monitoring tool of the pandemic patterns based on a robust econometric model
that takes into account the time series of the reproduction rate with a system of
backward-expanding rolling windows;

2. aset of signals/warnings country by country regarding the surge of the wave that
policymakers can use to anticipate and tailor countermeasures;

3. an ex-post tool to date-stamp contagion waves and evaluate the impact of the
implemented strategies on their timing and severity.

It is important to stress that the proposed approach is valid whatever virus epi-
demics we consider, provided the reproduction rate time series. Moreover, in order to
avoid confounding effects and endogeneity problems, we analyze separately the time
series of different countries, also avoiding the systematic underestimation of any in-
fluencing factor connected to the country-specific differences (like age distributions
of the population, population density, health system, approaches to containment mea-
sures, etc.).

2 Methods

Our method to monitor the COVID-19 contagion process is based on the application of
statistical tests to detect explosive phases in the reproduction rate time series. Accord-
ing to the econometric definition, explosive processes are a class of non-stationary time
series. In non-stationary processes, the effect of a shock that occurred at a given time
persists indefinitely in the future, thus the unconditional joint probability distribution
changes with time.
The main idea driving our proposal is that changes in the time series properties of
the reproduction rate can be used as signals of transition between different pandemic
phases. Indeed, while stationarity in the reproduction rate time series, with daily fluc-
tuations around the mean, corresponds to periods of stability in the number of new
infections, a switch to a random walk (unit root) process - that belongs to the class
of non-stationary processes - indicates a trend in the number of new cases, typical of
phases with moderate contagion growth. Finally, when the reproduction rate time series
move from a unit root to an explosive process (characterized by exponential growth),
the extremely rapid increase in infections characterizing the spread of new waves has
possibly started.
The occurrence of an explosive phase in a time series can be detected through explo-
sivity (or right-sided unit root) tests. Specifically, to identify and date-stamp the start
of explosive phases in the evolution of reproduction rate, we rely on the Backward
Superior Augmented Dickey Fuller (BSADF) testPhillips et al. (2015). This method
was already used in the econometric and financial literature to identify explosivity in
financial time series (so-called speculative bubbles).

Before defining the BSADF test, it is useful to recall the Augmented Dickey Fuller
(ADF) statistics Dickey & Fuller (1979) to evaluate the stationarity of a time series y;,
based on the following regression model:
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where u is the constant term, Ay;_; is the lagged differenced dependent variables,
p is the considered number of lags of Ay; (that can be chosen based on model selection
criteria, such as Akaike or Bayesian Information Criterion) and & is a normally dis-
tributed error component with constant variance 62.
In the standard ADF test, Equation (1) is used to test the null hypothesis that the ¢
coefficient associated with the lagged dependent variable is equal to 1, corresponding
to the random walk process, against the alternative of stationarity (¢ < 1).
In the right-tailed unit root test for explosivity proposed by Phillips et al. (2015), the
null hypothesis is still the random walk one, but the alternative is ¢ > 1, correspond-
ing to explosive behaviour. The ADF test applied to the full sample can be denoted as
ADF] (p) (where 0 and 1 denote the beginning and the end of the considered subsample
expressed as a fraction of the total number of observations; this means that all the time
series is considered, differently from what is done in the BSADF test, as explained in
the following).

In particular, Phillips et al. (2015) proposed a backward ADF test, named BSADF,
based on repeated estimation of the ADF test statistic using a backward-expanding
rolling-windows technique, to allow for date-stamping of explosive phases:

BSADF,,:= sup {ADF(p);} Q)

r1€[0,r2—ry)

According to Equation 1, at every r, time (usually day), the BSADF value is de-
fined as the maximum ADF value calculated over intervals expanding from [0, r;] to
[r2 — ro, r2], where ry is the minimum window width chosen by the analyst. In other
terms, to evaluate explosivity in ry, one fixes r, and considers all ADF values in ex-
panding windows starting from the initial date of the sample. Based on this method and
as shown in Phillips et al. (2015), the origination date of an explosive period is defined
as the first time in which the BSADF statistic exceeds the critical value, while the first
observation, following the origination date, whose BSADF statistic goes back below
the critical value is considered as the termination date of the explosive period. Critical
values for the BSADF test can be obtained through simulation experiments based on
the limiting distribution derived by Phillips et al. (2015) or through the bootstrap ap-
proach proposed by Astill et al. (2023). In the present analysis, we apply the BSADF
test to the COVID-19 reproduction rate time series and rely on critical values provided
by the MultipleBubbles R library, which implements the methodology of Phillips et al.
(2015) (details on the specific code employed are available upon request).

The backward-expanding rolling windows technique allows a daily update of the mon-
itoring tool (i.e. the test statistic is re-calculated and compared with the critical value
every day), while, at the same time, taking into account the past history of the national
pandemic evolution.

The beginning of an explosive period indicates an acceleration of contagion growth,
which could mark the beginning of a critical phase, or even of a new wave. Indeed, the



exponential growth detected by the test typically occurs at the beginning of a new wave
and ends when the plateau is nearly reached. The test output can thus be used as an
early warning signal for policy-making purposes and it can possibly be coupled with
other indicators chosen by the regulators. For decision-making purposes, it is impor-
tant to stress how test results should be interpreted; it is not enough to have a signal on
a given day to declare the start of an explosive phase. Rather, we identify the warning
signal on a given day if and only if two conditions are met for at least 5 days out of
a 7-day window. The choice of such numbers of days is consistent with the protocol
followed by many policymakers, that during the pandemic used to update, modify or
initialize countermeasures on a 7 days monitoring basis.
The two conditions, that we set, are:

1. Increased reproduction rate with respect to the previous day;

2. Rejection of the null hypothesis of random walk, in favor of explosivity.

The signal variable assumes a value of 1 if the two conditions are satisfied, and 0
otherwise. Based on this strategy, if, on a given day, these two criteria are satisfied,
then the dummy variable activates and consequently the warning signal, lasting un-
til the above-defined conditions occur. Formally, an explosive phase starts when the
dummy variable representing the signal moves to 1 from 0 and, conversely, ends when
the dummy variable comes back to 0. Note that this definition of explosive phase is
more delimited than the one used in the BSADF test procedure, as, in our strategy, the
rejection of the null hypothesis on a single day is not a sufficient condition to activate
the warning signal. Table 1 provides some examples of how the signal relative to a
given day (Day 1 in Table 1) can be detected in different scenarios and according to
the definition provided above. Based on our approach, the two defined conditions are
checked for every day, but, before deciding whether a signal is activated on Day 1, it
is necessary to wait until Day 7. At that point, we evaluate whether the two conditions
occurred for at least 5 - even non-consecutive - days. This is coherent with the need not
to have many false positive signals, that could provide hurried indications to the policy-
makers. Based on the information provided in Table 1, the signal on Day 1 is activated
in both Scenario 1 and 3, representing an explosive phase prodromal to a potential new
wave. It is interesting to note that Scenario 1 and 3 lead to the same conclusion, despite
different in the order of days on which the conditions are satisfied. Scenario 2, instead,
clearly does not satisfy the conditions for enough time: in other words, the signals can
be considered as due to random fluctuations. We remark that, in the three scenarios,
we evaluate the possible presence of a signal just on Day 1. The following days could
be potentially signal days if the conditions are met in the relative 7 days window, on
which we suppose not to have the complete set of information (for example in Day 2
we only see the following 5 days).

We underlie that the currently limited literature on wave detection typically focuses
solely on the analysis of the first condition, disregarding any robust evaluation of the
stochastic dynamic process underneath the reproduction rate random variable. More-
over, our approach is flexible enough to allow policymakers the fine-tuning of the day
window to be considered (5 out of 7 in the current paper) and the significance level



Condition 1 & Condition 2 Signal on Day 1
Dayl Day2 Day3 Day4 DayS Day6 Day7

Scenario 1 NO NO Signal
Scenario 2 NO NO NO No Signal
Scenario 3 NO NO Signal

Table 1: Examples of how the signal can be detected on Day 1 in different scenarios
and according to the provided definition.

used in the econometric test - here set at 5% - that can be modified to increase the
sensitivity or the specificity of the signal.

3 Empirical Evidence

3.1 Data

We download, from the OurWorldInData data repository!, the time series of reproduc-
tion rate for ten countries: Austria, Czechia, Denmark, France, Germany, Italy, Por-
tugal, Spain, Sweden and United Kingdom. The choice of those countries is justified
by the need to consider a comprehensive and diversified set of countries representa-
tive of the different European regions and of the approaches to the pandemic. Indeed,
countries like France, Germany and Italy were particularly severe and stringent, while
Czechia, Sweden and United Kingdom - and for some time Portugal too - were more
indulgent and reluctant towards too strict countermeasures.

Our data cover the period ranging from 1 June 2020 to 31 August 2022%. We do
not consider data beyond the end of August 2022 because of the presence of incon-
sistencies, flaws and missing values in the time series, that may compromise results
reliability.

3.2 Results

The left panels in Figures from 1 to 10 show the BSADF statistics applied to the re-
production rate of the considered countries, together with the test critical values at the
5% significance level calculated using the 'MultipleBubbles’ R package. Based on

Thttps://github.com/owid/covid-19-data/tree/master/public/data

Due to the technical characteristics of the test, the first results can be calculated starting from 29 July
2020, as the previous days are used to populate the first expanding window in order to have statistically
significant results. Nevertheless, starting from 1 June 2020 avoids the inclusion of the very first wave of the
pandemic, which does not offer a previous time series useful for fitting the model as no pandemic was of
course in place before January 2020.)



our testing approach, when the value of the BSADF statistic (blue line) overcomes the
critical value (red line), according to the econometric test the contagion growth is con-
sidered as explosive until the BSADF statistic goes back below the critical value. A
value of the test statistic higher than the critical value on a given day is used to verify
the occurrence of Condition 2 in our early warning signal methodology, explained in
the Methods section. In addition, the value of the test statistic provides a statistically
robust measure of the magnitude of contagion growth.

First, it can be seen that the periods characterized by the most explosive contagion
dynamics are summer 2021 - when the Delta variant, after its initial spread in United
Kingdom in May, became dominant - and the period between the end of 2021 and
the beginning of 2022 when Europe experienced the spread of the Omicron variant.
Among the considered countries, Austria, Spain, Italy and France are the ones charac-
terized by the lowest number of peaks of the explosivity test statistic, while Portugal
and Sweden show the most erratic behavior. Differently from most countries, the high-
est peak in the explosivity test statistic of United Kingdom occurs in summer 2022,
when the BA.4 and BA.5 Omicron variants, not severe but characterized by a strong
capacity of reinfecting people, caused a new acceleration in the number of new cases.
Also France, Czechia, Denmark and Portugal saw a strong acceleration of the pan-
demic in summer 2022, while a peak occurs a few months before, in spring 2022, in
Sweden.

As explained in the Methods section, the output of the explosivity test, together with the
observation of the reproduction rate evolution, can be used to identify a warning signal
and, thus, detect, the beginning and the end of explosive phases, that in our definition
are characterized by the occurrence of both a rejection of the random walk hypothesis
and an increasing reproduction rate for at least 5 out of 7 subsequent days. The right
panels in Figures from 1 to 10 show the output of such warning signal identification
strategy. Specifically, the red-shaded areas mark the explosive phases according to our
definition and are represented together with the reproduction rate time series (black
line). It can be seen that the identified explosive phases always correspond to periods
of rapid increase in the reproduction rate. Indeed, the vice versa does not hold, as not
all the periods of increase in the reproduction rate are characterized by the exponential
contagion growth that potentially marks the beginning of a particularly critical phase
or even of a new wave, that should be promptly detected to set appropriate policies.
Table 2 provides a summary of the test results, by reporting, for each of the analyzed
countries, the number of detected explosive phases, the maximum value of the test
statistic and the date when it occurred. It can be noticed that Portugal and Sweden are
the countries showing the highest number of explosive phases, but not the ones with
the highest maximum test statistics, as Austria, followed by Spain and United King-
dom, show the highest values. Interestingly, for most countries the highest explosivity
peak was detected in summer 2021, when the Delta variant spread over Europe. United
Kingdom is the only country for which the maximum explosivity value is reported in
2022.
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Figure 1: Results of explosivity test for Austria. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 2: Results of explosivity test for Czechia. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 3: Results of explosivity test for Germany. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 4: Results of explosivity test for Denmark. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 5: Results of explosivity test for Spain. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 6: Results of explosivity test for France. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 7: Results of explosivity test for Italy. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 8: Results of explosivity test for Portugal. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 9: Results of explosivity test for Sweden. Left panel: time series of BSADF
statistics (blue line) and related critical values at the 5% significance level (red line).
Right panel: reproduction rate (black line) and critical phases identified through the
explosivity test (red shaded areas).
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Figure 10: Results of explosivity test for United Kingdom. Left panel: time series of
BSADF statistics (blue line) and related critical values at the 5% significance level (red
line). Right panel: reproduction rate (black line) and critical phases identified through
the explosivity test (red shaded areas).

Country | # of explosive phases | Max test statistics Date

Austria 8 12.22 July 10th 2021
Czechia 6 7.33 July 08th 2021
Denmark 6 8.22 May 24th 2021
France 6 8.78 July 16th 2021
Germany 7 7.11 July 13th 2021
Italy 6 9.05 July 14th 2021
Portugal 10 541 Dec 29th 2021
Spain 9 10.15 July O1st 2021
Sweden 13 6.61 May 27th 2021
UK 7 10.51 June 06th 2022

Table 2: Description of the patterns of the considered countries in terms of number
of critical phases, maximum value reached by the considered test statistics and date of
occurrence of the latter.
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4 Conclusions

The recent COVID-19 pandemic, started in January 2020 in China and declared con-
cluded as a public health emergency (but still a potential risk) by the World Health Or-
ganization (WHO) on the 5th of May 2023, has showed the level of unpreparedness and
the lack of proper management plans. Countries have faced any kind of difficulty: lack
of proper countermeasures, disorganized hospitals, severe drop of economic produc-
tion, procurement scarcity, population fear and hesitancy, social disintegration. New
strategies, recovery plans, burst in the development and production of vaccines, have
become crucial and unavoidable. However, most of the actions was undertaken ex-post
when waves were already largely hitting the populations, when severe NPIs counter-
measures were the only available option to contain the pervasive virus diffusion phase.
In this context, we contribute to the existing literature by developing a monitoring tool
for the pandemic patterns based on a robust econometric model applied to the time
series of the reproduction rate. We show how this tool can be used to provide signals
and/or warnings country by country regarding the surge of virus spread, that policy-
makers can use to anticipate and tailor countermeasures.

The proposed approach requires the analysis of the sole reproduction rate time series,
thus avoiding problems in the acquisition of different data sources and the consequent
issues with relative reconstruction and harmonization. Moreover, one can analyze each
country separately, preserving the inherent characteristics and peculiarities. Neverthe-
less, the proposed approach could be applied to an aggregate time series, that puts
together all the needed countries, as for example 27 EU ones or 51 US states. This
could be of interest to supranational agencies or regulators like ECDC/CDC or HaDea
in the attempt to monitor and prepare countermeasures at a larger scale.

As a possible limitation of the proposed approach, we should mention the fact that a
purely data-driven and epidemiologically-agnostic approach to evaluate disease spread
could be misleading in some situations. The weekly modulation of testing and case
reporting can potentially lead to 5-day abnormal trends that could lead to false signals
and thus would require to be corrected through nowcasting, still bearing in mind the
difficulties in data collection. We will consider these issues in a future extension of our
work.

By applying the proposed approach to a representative set of countries, we obtain
insightful results in assessing the timing and severity of COVID-19 surge phases and
shed light on the differences in the country-specific contagion dynamics.

In future development of the present study, we will also consider an augmented
version of the test that takes into account relevant covariates. In particular, we will
evaluate whether the introduction of explicative variables can, on one hand, improve
the power of the test and, on the other hand, add more insights regarding the patterns
of explosive phases.
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