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Abstract

Background In this work, we implement a data-driven approach using an aggregation of several analytical methods
to study the characteristics of COVID-19 daily infection and death time series and identify correlations and character-
istic trends that can be corroborated to the time evolution of this disease. The datasets cover twelve distinct countries
across six continents, from January 22, 2020 till March 1, 2022. This time span is partitioned into three windows: (1)
pre-vaccine, (2) post-vaccine and pre-omicron (BA.1 variant), and (3) post-vaccine including post-omicron variant.
This study enables deriving insights into intriguing questions related to the science of system dynamics pertaining

to COVID-19 evolution.

Methods We implement a set of several distinct analytical methods for: (a) statistical studies to estimate the skew-
ness and kurtosis of the data distributions; (b) analyzing the stationarity properties of these time series using

the Augmented Dickey-Fuller (ADF) tests; (c) examining co-integration properties for the non-stationary time series
using the Phillips-Ouliaris (PO) tests; (d) calculating the Hurst exponent using the rescaled-range (R/S) analysis,
along with the Detrended Fluctuation Analysis (DFA), for self-affinity studies of the evolving dynamical datasets.

Results We notably observe a significant asymmetry of distributions shows from skewness and the presence

of heavy tails is noted from kurtosis. The daily infection and death data are, by and large, nonstationary, while their
corresponding log return values render stationarity. The self-affinity studies through the Hurst exponents and DFA
exhibit intriguing local changes over time. These changes can be attributed to the underlying dynamics of state tran-
sitions, especially from a random state to either mean-reversion or long-range memory/persistence states.

Conclusions We conduct systematic studies covering a widely diverse time series datasets of the daily infections
and deaths during the evolution of the COVID-19 pandemic. We demonstrate the merit of a multiple analytics
frameworks through systematically laying down a methodological structure for analyses and quantitatively examin-
ing the evolution of the daily COVID-19 infection and death cases. This methodology builds a capability for tracking
dynamically evolving states pertaining to critical problems.
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Background

The coronavirus disease, COVID-19, struck the globe,
with apparently no preparedness for tracking and mitiga-
tion. On March 11, 2020, the World Health Organization
(WHO) declared the COVID-19 as a “global pandemic”
[1]. The RNA virus, labelled as SARS-CoV-2 (Severe
Acute Respiratory Syndrome Coronavirus 2), infected
over half a billion people worldwide and caused approxi-
mately seven million deaths [2]. This global pandemic
has generated enormous research activities drawing in
knowledge from diverse disciplines in sciences and engi-
neering. Researchers have been pursuing activities with
the goal to learn about the properties of this new evolv-
ing virus, including its temporal dynamics.

A vast literature exists addressing diverse problems on
COVID-19 ranging from fundamental virology proper-
ties to mathematical and statistical analyses, modeling
and simulation, data inspection, evidence-informed
decision making, and many others. A few recent articles
and references therein provide a glimpse of the diversity
in research activities, especially from the viewpoint of
quantitative methodology for COVID-19 studies [3—10].
The research work broadly focuses in three key areas: (1)
genomic characteristics of the SARS-CoV-2; (2) forecast-
ing of the COVID-19 pandemic using machine learning
methods; (3) nowcasting of the COVID-19 pandemic,
in several discrete areas of the world. In this pursuit,
virologists have made rapid progress on understanding
the genomic characteristics of the SARS-CoV-2 through
gene sequencing. Scientists and engineers have studied
questions related to the mathematical composition of
the gene sequences using fractal techniques [11-14] —
these studies report unique signals that exhibit special
attributes for the gene sequences for SARS-CoV-2. In
the context of forecasting and nowcasting, model-based
data science techniques, have been implemented for a
few specific geographic regions [15-21]; these studies
include time-series analyses and machine-learning meth-
ods, such as Random Forest, Ridge Regression, Support
Vector Machines, and ensemble regression models based
on deep learning architectures. From the epidemiologi-
cal viewpoints, models are developed that expand upon
the Susceptible-Exposed-Infectious-Recovered (SEIR),
time dependent susceptible-infection-recovered (TSIR)
and other differential equations-based frameworks.
These models mimic the way the COVID-19 disease
spread and thus simulate future transmission scenarios
under various assumptions [22-28]. Recent literature
points to empirical evidence suggesting that there is no
universal method that can accurately forecast pandemic
data [29]. Work on nowcasting for the COVID-19 dis-
eases reports policy effects [30], along with the tempo-
ral dynamics [31]. Some basic studies report multifractal
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characteristics of the US daily COVID-19 cases to predict
short-range behaviors [32]. The epidemiological dynam-
ics based on human mobility have been reported [33].
Several articles discuss general modeling landscapes in
this area [34, 35]; and these literatures and references
therein identify key unsolved problems in this domain. A
recent article reports a case study using seven quantita-
tive indicators ranging from entropy to higher moments
and discusses forecasting the transition from endemic to
epidemic phases for contagious diseases, specifically for
COVID-19 [36].

This article analyzes the dynamics of the daily number
of new infection and death cases by sampling countries
across the six inhabited continents of the globe. Unique
to this work is the implementation of multiple independ-
ent quantitative techniques to study the characteristics
of infection and death time series datasets. This work
attempts to answer several key questions relevant to the
COVID-19 pandemic evolution.

(a) What are the key fundamental statistical attrib-
utes of infection and death time series pertaining to this
global pandemic?

(b) Can self-affinity paradigms, commonly used in non-
linear dynamics, be efficiently implemented for analyzing
the COVID-19 time series data?

Does this approach enable deriving new information,
especially, characteristic metrics for tracking the state of
dynamical systems?

(c) Can the answers in (a) and (b) be extended to gain
insights into questions related to universality and scal-
ability, i.e., information invariance?

We investigate data characteristics and trends over
diverse geolocations to systematically probe into the
above questions and gain insights into the evolution of
the COVID-19 pandemic. Using time series data from
the beginning of the pandemic, namely January 22, 2020
till March 1, 2022 (in many instances, coinciding with the
fall of the number of infection cases in the omicron wave
BA.1 variant), we break down the analysis into three dis-
tinct time windows, namely, Time Window 1 (TW1),
Time Window 2 (TW2), and Time Window 3 (T'W3). The
window TW1 covers time from the beginning till March
1, 2021 - this is up to the time when most of the world’s
population did not have access to vaccines; all three vac-
cines, namely Johnson & Johnson, Pfizer and Moderna
were available to the public around the end of TW1 [1].
The time window TW2 includes the time till October 10,
2021 when the vaccines became available to the general
public; the delta variant of the SARS-CoV-2 virus then
prevailed across the globe. Finally, the time window TW3
extends TW?2 to cover prevalence of the omicron variant,
and this includes time till March 1, 2022. We denote the
entire time period as Full Window (FW). Uniqueness to
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these three time windows can be noted from the stand-
points of natural immunity (primarily without vaccines),
impact of vaccines in the presence of emergence of dif-
ferent variants, and other factors (that may be primarily
dealing with socio-economic issues, human behaviors/
practices of life, and policies as well).

This work establishes a path for applying four specific
orthogonal analytical techniques in a toolbox, each with
unique merits:

(1) Statistical studies pertaining to the higher
moments in the large time series data sets;

(2) Examine the stationarity properties in the time
evolving infection and death data over different time
domains;

(3) Co-integration studies to identify relationships in
in non-stationary time series data sets;

(4) Self-affinity studies (widely used in nonlinear
dynamics) to gain insights into the dynamical behav-
ior of infection and death data sets. Weaving through
the knowledge gained from each technique ena-
bles addressing several key questions that are asked
in this work. This aspect of using multiple analytics
strengthens the uniqueness and merit of this work on
methodology. The specific contributions of this arti-
cle are highlighted below.

We examine the higher moments, namely, the skew-
ness and kurtosis, to understand the symmetry and
tail behavior in the data. Through data stationarity
and co-integration studies, we investigate whether
the infection and death time series structurally move
in the same manner.

We study the self-affinity characteristics of both the
infection and daily death time series by calculating
both the Hurst exponent from the rescaled range
(R/S) and the Detrended Fluctuation Analysis (DFA)
scaling exponent. This investigates any shift of trends,
of the characteristic exponent metrics with the evo-
lution of the pandemic.

The methodologies, their implementations and the
results reported here build a framework that can be
applied to other geographical regions and also to differ-
ent time window specifications.

In Sect. "Materials & Methods" on materials and meth-
odology, we first discuss the datasets for the COVID-19
pandemic and the basic mathematical transformations
for analyses. This is followed by descriptions of the sta-
tistical analysis methodologies and the methodologies for
self-affinity studies. These disparate quantitative method-
ologies form the crux of the analytics toolbox. Section 3
provides results using the analytics toolbox, and it also
simultaneously includes related discussions. Conclusions,
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including the key limitations of the analytical techniques
and the merit of the analytics approach taken here, are
narrated in Sect. 4; the areas for future research, espe-
cially in the context of analytics for dynamically evolving
diseases are highlighted as well.

Materials & Methods

We begin by describing the materials used in this study,
namely, the COVID-19 data and relevant analytical trans-
formations. We proceed next by describing the method-
ologies for determing statistical characteristics of the
time series data. The final subsection involves describing
the methodology for studying the self-affinity character-
istics of the time series data.

Materials: COVID-19 Data

Numerous publicly available sources have reported
data on the COVID-19 pandemic. Johns Hopkins Uni-
versity’s (JHU) COVID-19 Data Repository [37] by the
Center for Systems Science & Engineering is an enter-
prise data aggregator for this pandemic — it covers data
from various sources, such as, the WHO, Center for Dis-
ease Control (CDC), and WorldoMeter [2]. These data
repositories featured daily updates as well as corrections
due to changes in data aggregations. It is worth noting
that several researchers have studied the reliability of
COVID-19 data sources, including the JHU data reposi-
tory [38-40]; the aggregation and anomaly detection
features in the JHU repository have been remarked to be
up to the standards [39]. Detailed studies on compari-
sons of different data repositories and addressing ques-
tions related to missing data/data imputation and data
augmentation have merits; however, this is beyond the
scope of the current work. We use the R software pack-
age, namely, covidl9.analytics [41] to access the JHU
COVID-19 Data Repository for confirmed new cases of
infections and deaths. Sufficient diversity in data is con-
sidered to demonstrate the merit of the multiple analytics
approach taken here — the data span over all six inhab-
ited continents of the world, namely, North & South
America, Europe (including Scandinavia), Asia, Africa,
Middle East and Oceania. We study the daily infection
and death counts for United States of America (USA),
Brazil, the United Kingdom (UK), Germany, Sweden,
Israel, Japan, South Korea, New Zealand, South Africa,
Nigeria, and India. In this study, the sample datasets are
carefully selected through a set of rationales that point to
broadness and diversities; this foundational work builds
ground with sufficient illustrations so it can be adapted
by researchers for further enhancements; either for stud-
ies of COVID-19 or for examining other time series data.
The selection rationales and corresponding examples of
the countries are the following:



Guharay BMC Medical Research Methodology (2025) 25:1

(1) Choosing at least one country from each of the
six inhabitable continents of Earth, including Asia,
Europe, Africa, North America, South American and
Oceania;

(2) Including countries where the number of infec-
tions and deaths are high with respect to their popu-
lation such as US, Brazil, UK, Nigeria, Germany;

(3) Including countries with unique mitigation, such
as Sweden (herd immunity), New Zealand (complete
border lockdown), Japan and South Korea (adapting
special social behavior such as universal mask usage);
(4) Including countries where onset of the COVID-
19 variants began such as South Africa (Omicron)
and India (Delta);

(5) Including countries with strong vaccination poli-
cies, such as Israel.

We have thus selected twelve countries across the six
continents that regularly reported the daily infection and
death data. It is emphasized that the application of the
methodologies discussed in this paper are not limited to
these twelve countries and can be adapted to other cases
as well. We scrutinized the data and did not observe any
missing data during the time periods used in this study,
and thus have used all the available data from the reposi-
tory [37] for the countries and time periods of interest.
It is noteworthy that several authors have studied out-
lier detection with the COVID-19 time series space [42,
43]. These studies show that even using non-paramet-
ric methods, such as Local Outlier Factor (LoF) [42] or
Compositional Functional Data Analysis (CFDA) [43],
the results are not always clear. For countries like Ice-
land, Luxembourg, and Belarus, studies based on CFDA
reported potential outliers [43]. These studies suggest
that based on the underlying assumptions, different out-
lier techniques may yield different results. A systematic
rigorous study of outliers in all of the COVID-19 data
repositories can be intriguing and very valuable. It is
important to note that many challenges can occur due to
questions related to masking and swamping, especially
in high dimensional data [44]. In any outlier identifica-
tion and removal procedure, one key concern is that of
the robustness with respect to possible misclassification
errors, i.e., masking (Type I) and swamping (Type II) [45].
The problem of outlier detection is well acknowledged
here, but it is beyond the scope of this work.

It is emphasized that the application of the method-
ologies discussed in this paper are not limited to these
twelve countries and can be adapted to other cases as
well. Table 1 shows a summary of the characteristics of
the countries and the variables of interest along with the
details of the time periods of data. Figure 1(a) - (d) show
illustrations of the daily infection and death time series
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data across the full window (FW) time period: with infec-
tion and death data for USA in Fig. 1(a) and (b) and for
Brazil in Fig. 1(c) and (d). Both USA and Brazil show
several spikes throughout the two-year pandemic time
period for the infection data. For the daily death counts,
USA shows several peaks, while Brazil data exhibit a
couple of peaks. Since many analytical methods rely
on stationarity of the data, we scrutinize this point and
transform datasets appropriately, to satisfy the funda-
mental requirements for respective analytical methods.
Differencing a non-stationary dataset generally renders
stationarity in the transformed data. Economists often
use log returns instead of raw price data to assess and
exploit the data stationarity [46]. The log returns have a
natural interpretation, in that it models the percent
change. We calculate the daily log return defined as:

ry = log Citl ), where C, is the count of the daily number
of cases (either infections or deaths) at time t and the
time interval unit is one day. In Figs. 2(a) through 2(d),
we show sample time series plots of the calculated daily
log return of the time series data that are shown earlier in
Figs. 1(a) through 1(d). From a visual inspection of these
time series, the data appear to be stationary. However, we
formally test this proposition and discuss it in the next
section.

Methodologies for Examining Statistical Characteristics

of Time Series Data

To understand the complexity in the time series data,
we first study the higher moments [47-50], namely, the
skewness and the kurtosis. The excess kurtosis (>3) pro-
vides evidence of heavy or thin tails in the data, while the
skewness addresses questions related to the symmetry of
the data distribution. We address questions on stationar-
ity of the datasets. Note that this test is particularly criti-
cal for co-integration studies as well as for self-affinity
analysis, especially by Hurst exponent estimate method-
ologies. Although well-known in the statistics commu-
nity, it is important to briefly discuss the basic premises
of the methodologies to, study the time series data, here
for COVID-19 infection and death counts data.

Fundamental statistical property studies: Skewness &
Kurtosis

The commonly used metrics for assessing the basic sta-
tistical characteristics involve examining the moments
of data distributions. The first and second moments,
namely, the arithmetic mean and the variance are the
measures indicating the centrality and dispersion in the
data, respectively. Higher-order moments, namely, the
third and fourth moments, provide further significant
geometric interpretations of the data distributions.
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Table 1 Summary of the characteristics of the countries (along with respective regions) and the variables of interest. Note: FW is not
included here as this is a natural aggregation of all other time periods. TW1 ranges from January 22, 2020 till March 1, 2021. TW?2 spans
from March 2, 2021 till October 10, 2021. TW3 covers from March 2, 2021 till March 1, 2022. Note that the total number of observations

for each time period of interest are the same for each country

Region Country

Variable of Interest

Time Period of Interest

United States of America (USA)
United States of America (USA)

North America
North America

South America Brazil

South America Brazil

Europe United Kingdom (UK)
Europe United Kingdom (UK)
Europe Germany
Europe Germany
Scandinavia Sweden
Scandinavia Sweden
Middle East Israel

Middle East Israel

East Asia Japan

East Asia Japan

East Asia South Korea
East Asia South Korea
South Asia India

South Asia India
Oceania New Zealand
Oceania New Zealand
Africa South Africa
Africa South Africa
Africa Nigeria
Africa Nigeria

Daily Infection Counts TW1 TW2 TWS3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TWI1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TWI1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TWI1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TWI1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3
Daily Infection Counts TW1 TW2 TW3
Daily Death Counts TW1 TW2 TW3

Skewness, the third-order moment, provides the degree
of asymmetry of the distribution. The sample skewness,
skew, is defined as the following for a univariate dataset
Xp Xy ..., %y with a mean of (x) and sample standard devi-
ation s:

N [x = @)P/N

skew = Zi:l 3
If skew <0, it indicates left-skew (left shifted) in the data
while skew>0 indicates right skew (right shifted), and
skew=0 indicates a full symmetry in the data. The nor-

mal distribution has a skewness of zero.

The sample excess kurtosis, k, is defined as the follow-
ing for univariate dataset x;, x,, ..., x5 with a mean of (x)

and sample standard deviation s:

x)]*/N
k= le 3 -3

This definition is used to compare with the standard nor-
mal distribution that has a kurtosis of three. Note that k>0
indicates a heavy-tailed or leptokurtic distribution. If k<0,
indicates a light tailed or platykurtic distribution; finally,
k=0 indicates a mesokurtic distribution, such as the nor-
mal distribution.

Stationarity property studies

There are analytical tools which rely on the fundamental
assumption of stationarity in the dataset [46]. Strong sta-
tionarity requires that the data generation process for the
time series have an unconditional joint probability dis-
tribution which does not change when shifted in time.
Mathematically speaking, if {X,} is a stochastic process and
Fx (%¢,,»" "+ »%s,,. ) represent the cumulative distribution
function (CDF) of the unconditional joint distribution of
{X} at times t;__, ..., t, .. then, {X}} is strongly stationary if
the following holds true [46]:

FX(xtl_H-"" rxt,,JrT) ZFX(xtl"" rxt,,)
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Fig. 1 Time series plots of the confirmed daily infection and death counts for USA and Brazil: (a) The top panel shows the daily infection counts
for USA across FW; (b) The second panel shows the USA daily death counts across the FW; (c) the third panel shows the daily infection counts
in Brazil across FW; (d) the bottom panel shows the daily death counts in Brazil across the FW. Note, the two countries of USA and Brazil are selected

as illustrative examples

A more practical definition of stationarity is that of the
weak stationarity or covariance stationarity as testing the
strong stationarity condition is impractical for real-world
datasets [51]. Weak stationarity requires that mean and
the auto-covariance function do not vary with respect to
time and that the variance is finite.

Unit root and stationary tests determine if a time
series is non-stationary. These methodologies include
Phillips Perron (PP), Augmented Dickey Fuller (ADF),
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests [52,
53]. Each of these statistical hypothesis tests has its
own strengths and weaknesses. For smaller data sets,
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Fig. 2 Time series plots of the daily infection and death log return data for USA and Brazil — the raw time series data shown in Fig. 1 to calculate
corresponding log return values: (a) The top panel shows the daily infection log return for USA across FW; (b) The second panel shows the USA daily
death log return across the FW; (c) the third panel shows the daily infection log return in Brazil across FW; (d) the bottom panel shows the daily
death log return in Brazil across the FW. Note, the two countries of USA and Brazil are selected as illustrative examples

the ADF test is simple and most useful [54]. In this
work, we employ the ADF test where the null hypoth-
esis indicates the presence of a unit root and the alter-
nate hypothesis indicates stationarity in the data. For
the lag length, we use automatic lag length selection
optimization based on the modified Akaike informa-
tion criterion (MAIC) [55]. We implement the CADFt¢-
est package in R to perform this calculation [56].

Co-Integration relationship studies

Co-integration was first introduced to study the long-
run relationships among variables, primarily in econom-
ics [57]. The main objective is to check if two or more
non-stationary time series are statistically correlated. To
eliminate any “spurious” correlation, a rigorous statisti-
cal hypothesis test is conducted to evaluate if a vector of
coefficients exists to form a stationary linear combination
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of both non-stationary time series. If this exists, then the
two individually non-stationary time series are said to
be co-integrated [58]. If two non-stationary time series
are co-integrated, they have a long-run equilibrium and
share an underlying common stochastic trend. In epide-
miology, joint mortality models have been used to imply
a long-run relationship between mortality rates across
different demographics using co-integration [59]. There
are several different methods for statistical testing for
co-integration, for example the Engle-Granger two-step
method, Johansen test and Phillips-Ouliaris (PO) test
[46]. While the Johansen test requires large sample sizes,
this is not required for PO [60]. We, therefore, use the
PO test. In this context, we study if the non-stationary
daily infection counts data are co-integrated with the
non-stationary daily death data for a particular lag. Spe-
cifically, we are testing if the death counts move with the
same trends or are correlated with the infection counts.
Epidemiologists have observed a seven-day lag between
the daily infection counts and the daily death counts [61,
62]. Higher positive lags between deaths and infections
are plausible, and its impact can be evaluated following
the implementation steps of the methodologies laid down
in this work.

Methodologies for examining self-affinity characteristics

of time series data

Understanding the self-similarity and long-range correla-
tion structures in time series datasets provides insights
into the inherent structural dynamics of the epidemio-
logical problem. In this context, several questions may
occur:

(a) If the viral dynamics follow a path with a mean-
reversion trend; or

(b) If the viral dynamics follow a random path; or

(c) if the viral dynamics approach a long-term memory
state.

Self-affinity characteristics can serve as a guide to
obtain answer to the above questions. Two methods are
used in this work: (1) R/S analysis to compute the Hurst
exponent for stationary time series; (2) Detrended Fluc-
tuation Analysis (DFA) scaling exponent « to measure
the long-range correlation structure in any type of time
series.

Hurst exponent calculated from the R/S analysis

The Hurst exponent is a technique for detecting the
underlying temporal dependency. Hurst [63] proposed
the rescaled range (R/S) analysis to study the scaling
behaviors of complex systems. Given a stationary time
series X ={X;:t=1,2,...,n} with mean (x), and
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variance S2(n), one can proceed forward to calculate the
R/S ratio.
Defining R(n) and S(n) as

R(n) = max X (i,n) — min X(i,n)
1<i<nm 1<i<nm

Son) = [i 3" (wi - <x>n)2]

i=1
The ratio of the R(n)/S(n) follows [63, 64]:
R(n) [ n } H

x| =
S(n) 2

where H is the Hurst exponent for the stationary time
series X.

Theoretically, when H>0.5, the time series is expected
to have long-range correlation and show persistence and
long-memory. If H<0.5, then the data in the time series
are anti-correlated and mean-reverting. H=0.5 indicates
the time series behaves like white noise. There are other
ways to estimate the Hurst exponent, including multi-
fractal detrended fluctuation analysis, detrending moving
average, and the generalized Hurst exponent approach.
For heavy-tailed distributions with limited data size,
the rescaled range analysis (R/S) is shown to be a robust
approach [64] for estimating the Hurst Exponent.

Detrended Fluctuation Analysis (DFA) and Scaling Exponent
DFA is a relatively newer method. This technique
was first used while examining correlations in DNA
sequences [65]. Unlike the R/S analysis (which uses the
range function), the DFA uses the squared fluctuations
around the trend of the signal as a measure of dispersion.
This method involves detrending of the sub-periods, and
thus can be used for both stationary and non-stationary
time series.

Given that a time series Y; of length N is scaled by its
arithmetic mean (Y), its cumulative sum is calculated as
the following:

J
Z(j) =Y 1Y@ — (V)]
i=1

The cumulative sum series, Z(j) is next segmented
into time windows of different lengths AT, which yields
a set of random walks of varying sizes. Then, these ran-
dom walks are detrended within the windows by locally
estimating their trends as best fit polynomials of order
)2 ZX’)T(/'). Typically, a fit of p=1, namely, a linear fit, is
done, which is referred to as DFA-1 [66]. These trends are
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removed using mean squared deviations which results in
the squared fluctuation function as shown below:

N

o3 (20) - 280’

—1

FP(AT) =

Then similar to the R/S analysis, if the time series
has long range correlations, it would be reflected in
the power-law relationship of the fluctuation function,
FW(AT),as the following:

FP(AT) « [AT]®

The scaling exponent, «, is estimated by the best fit of
a log—log plot using linear regression [65]. The exponent
with 0<a<0.5, indicates anti-correlation or mean rever-
sion property of the time series [67]. For white noise,
a=0.5. If 1/2<a<1, it indicates persistent long-range
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correlations. If a=1, then the time series behaves like
1/f noise. If a>1, the time series is non-stationary. For
a=1.5, the non-stationary time series corresponds to
Brownian noise [68]. There has been a recent study on
the effectiveness of the DFA scaling exponent on short
scales [69], and how that can impact the results.

Results and Discussions

Statistical Characterisitics of COVID-19 Infection and Death
Time Series

Following the methodologies discussed in Sec. "Materials
& Methods", the key results are presented and discussed
in the subsections below.

COVID-19 data distribution characteristics

Figure 3 (a) — (c) show three different types of distribu-
tions for the purpose of illustrations. All three panels
in Fig. 3 exhibit a positive skew. Note the presence of a
heavy-tail in the USA data (Fig. 3(a)), while the Brazil
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Fig. 3 Notional illustrations for histogram plots showing different distributional characteristics of the data. (a) the top panel shows a leptokurtic
distribution — here, the daily infection counts for USA across TW1;(b) the middle panel shows a platykurtic distribution — here, the daily infection
counts for Brazil across TW1; (c) the lower panel shows a mesokurtic distribution — here, the daily death counts for India across TW1. Note

that the distribution is showing a heavy tail for US infection data, no significant tail for India and a light-tail for Brazil
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data in Fig. 3(b) shows a lighter tail. For Fig. 3(c) (for daily
death in India) we do not observe the presence of either a
heavy or a thin tail.

The skewness and kurtosis values for the three charac-
teristic time windows are shown in Figs. 4 and 5. A sum-
mary of these results is included in the Tables 1 and 2 in
the Appendix, for infection and death time series data,
respectively. A right-sided skew in both the daily con-
firmed infection and death count datasets is universally
observed across all time windows for all twelve coun-
tries. This observation implies that the arithmetic mean
exceeds the median for all these datasets. Thus, there are
a higher number of large values (daily infection/death
counts) than low values. Regarding the fourth moment,
none of the countries exhibits a mesokurtic type of dis-
tribution for the confirmed daily infection counts, i.e.,
a zero-excess kurtosis. Approximately 10% of the daily
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infection counts data show platykurtic distributions,
while the remaining datasets exhibit heavy-tailed data,
namely leptokurtic distributions. For daily new death
counts, India uniquely shows close to a mesokurtic dis-
tribution, in that excess kurtosis | kK |[<0.1 in the TW1
period. For the remaining countries, over 90% show
heavy-tail distribution properties. Brazil and UK are
unique in that they both exhibit a platykurtic distribu-
tion for both infection and death counts data. Brazil
shows this for TW1 and TW2, while UK shows it for
the TW2 period only. South Korea showed a platykur-
tic distribution for daily infection counts data for TW2.
Platykurtic distributions indicate that there is less likeli-
hood of observing extreme low/high events. Most notice-
ably, extremely high kurtosis values (2 60) are noted in
infection data for UK, Israel, New Zealand, and Nigeria
during TW3 — this indicates thin peaks with very heavy

15
ETW1 TW2 mETW3
12
(7))
o 9
c
3
L s
7]
L 1 1 il
N
F ¥ & & I I R R
N ‘@Q $06 \“}Q \QQ $° \’b Q*Q v&\*\ $ O b
& o 3 oS
o & » &
f_,o e@ (70
180
ETW1 BTW2 mTW3
150
120
]
(7]
g 90
=]
X 60
’ L L
N A ) }
F S S S & \?r<S> & ¢ & &
P R A O S
¢ 9 & v &
(90 e@ (_)O

Fig. 4 Bar graphs for skewness (top figure) and kurtosis (bottom figure) for raw infection time series. Results are shown for three distinct time
windows, namely, TW1, TW2 and TW3 - the countries are labelled along the horizontal axis
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Fig. 5 Bar graphs for skewness (top figure) and kurtosis (bottom figure) for raw death time series. Results are shown for three distinct time
windows, namely, TW1, TW2 and TW3 — the countries are labelled along the horizontal axis

tails— see Fig. 4. We note from Fig. 5 that the death data
indicate similar high kurtosis values for New Zealand
during TW1 and TW2 and for Nigeria during TW2 and
TW3. Note we observe the presence of heavy right-side
shifted distributions, with skewness (= 6) for: (a) UK and
Israel in infection data (TW3), and (b) New Zealand and
Nigeria in both infection (TW3) and death data (TW1
and TW?2).

Overall, we observe the overwhelming presence of
heavy tails in both the infection and death data sets.
While examining skewness and kurtosis for the log return
data, we note kurtosis values close to or exceeding 60, i.e.,
signature of extreme heavy tails in the infection data for
UK (TW1 and TW3) and in the death data for New Zea-
land (TW1 and TW?2). For all other cases, we note much
smaller kurtosis values. The distributions, in general, are
much less shifted from the center (symmetry) in all cases
(compared to corresponding cases for the raw data). In

terms of distinguishing the COVID-19 data for the twelve
countries from the study of the higher moments, we find
that both skewness and kurtosis, in general, have limited
capabilities to find distinct signatures (see Figs. 4 and 5).
An intriguing common theme noted in these statistical
metrics of the data is that over 90% of the countries are
leptokurtic and have positive skew values. Note notion-
ally similar understandings in the context of forecast-
ing [36], where the authors report the higher moments,
namely, skewness and kurtosis, bearing a low predictive
power.

Stationarity of COVID-19 time series data

For the ADF stationarity tests, we use a standard 95%
confidence level to test the null hypothesis for the pres-
ence of a unit root. The key results are summarized
below — see additional detailed results with judgement
of stationarities for each case in Tables 3 through 6 in
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the Appendix. Note that both raw time series data as
well as corresponding log return data are systematically
investigated.

(i) For raw infection daily counts data, South Korea
showed a stationary behavior in only TW1; the data
for all other countries showed non-stationary behavior
during all time windows, namely, FW, TW1, TW2, and
TW3.

For infection log return data, all countries showed a
stationary signature during all time windows, namely,
FW, TW1, TW2, and TW3.

(ii) For death daily counts data, only New Zealand
showed stationary behavior in FW, and TW?2. In all other
time windows, New Zealand daily infection counts did
not show stationary behavior. All other countries showed
non-stationary behavior for the daily death data during
all time windows, namely, FW, TW1, TW2, and TW3.

For death log return data, all countries showed sta-
tionary signature during all time windows, namely, FW,
TW1, TW2, and TW3.

The stationary behavior for infection in South Korea
during TW1 can be possibly due to strict mitiga-
tion, and this policy may have affected its low infection
counts prior to the vaccine [70]. For confirmed daily
death counts data, the observation of stationarity across
the FW and TW2 for New Zealand can be attributed to
death counts of zero during the post-vaccine pre-omi-
cron period. New Zealand was probably able to avoid
the brunt negative effects of the pandemic due to its
geographic isolation and strict lockdown [71]. With the
start of omicron variant, New Zealand’s daily death count
behavior changes, and this is reflected in our observation
that corresponding time series during TW3 is non-sta-
tionary (see Table 4 in the Appendix).

Co-integration between nonstationary infection and death
time series for structural similarities

As discussed in the methodologies section, the basics
for co-integration stand on evaluating the linear com-
bination of two or more nonstationary time series and
examine if this results in a stationary time series, i.e., the
classic I(1) (integrated of order 1) to I(0) (integrated of
order 0) transformation in time series theory [46]. We
have examined co-integration for different lag values
between the infection and death time series, namely, 7,
14-and 21 days. Table 2 shows the results across the FW,
TW1, TW2 and TW3 time windows for all countries,
where both the infection and death counts are non-sta-
tionary. Note that New Zealand is not included for FW, as
the New Zealand death counts are stationary. Similarly,
for TW1, South Korea is omitted, as the infection data
is stationary in this time period. During the TW2 time
period, New Zealand daily death time series are observed
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to be stationary and are omitted. Note that Japan and
South Korea do not show any statistically significant co-
integration relationship. Epidemiologically speaking, this
indicates that the seven-day lagging between death and
infection cases does not reveal statistically significant
similarities in the FW time period. Except New Zea-
land, all other countries show statistically significant co-
integration between the daily infection and daily death
data with a lag of seven days for the FW time period.
Next, during TW1 when the vaccines were not available
(except for limited cases), we observe that except South
Korea (not eligible due to data stationarity), all other
countries show co-integration between the infection
and the death data. During TW2, the countries, namely,
UK, Japan and India do not show co-integration between
their own infection data and death counts data. Except
New Zealand (not eligible due to having stationary data),
all other countries show co-integration. Finally, during
TW3, the countries, namely, Japan, South Korea, India,
and New Zealand, do not show co-integration between
the daily infection counts and their respective daily death
counts. These results demonstrate that the time window
is highly sensitive in determining the long-range correla-
tion between the non-stationary infection counts and the
death counts. The seven-day lag period is not universally
observed across all countries in the selected samples. For
large countries like USA and Brazil, we do observe a sta-
tistically significant co-integration relationship between
infection counts and death counts with a positive seven-
day lag across all time windows. However, India does not
show this same pattern as the delta-wave affected this
country post vaccination [72, 73]. Further detailed inves-
tigations can be done for this area. During the TW3 time
period (which includes the omicron variant), 1/3 of the
countries in our sample did not exhibit statistically signif-
icant co-integration relationships between the infection
counts and death cases with a positive seven-day lag. This
underscores the importance of further detailed investiga-
tion on the direct causal relationship between infection
and death cases for the omicron variant; however, this
investigation is beyond the scope of this article. Further
sensitivity analyses with varying lags, namely, 14 days and
21 days, are included in Tables 7 and 8 in the Appendix.

Self-affinity characteristics for dynamical system
evaluation

Our goal in the self-affinity studies is to get insights into
the temporal dynamics of the SARS-CoV-2 virus. Since
the Hurst exponent estimated through the R/S analy-
sis can only be calculated for stationary time series, we
have studied the log return time series for both infection
and death cases. To establish an analytical platform for a
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comparison of the Hurst exponent with alpha from DFA,
the same log return datasets are analyzed for both cases.

Hurst exponent analysis for COVID-19 time series

In Fig. 6, we show the Hurst exponent results for daily
infection counts and daily death counts across the FW
time window. The exponent values for infection time
series is on average higher than the corresponding death
time series data. The countries, namely, Sweden, South
Korea, and India show Hurst exponents greater than
0.5. This indicates that the percentage change for infec-
tion cases for these three countries have a long-range
memory. The countries, namely, New Zealand, Nigeria
and Brazil show a Hurst exponent of around 0.5, and
thus indicates that the percent change in infection cases
is Gaussian in nature. For the remaining six countries,
namely, USA, UK, Germany, Japan, South Africa and
Israel, the Hurst exponent is below 0.5, and thus it indi-
cates trends towards mean-reversion or anti-correlation
in the percent change of infection cases. For the Hurst
exponents for log return death data, only Sweden shows a
value around 0.5, and this indicates white noise behavior
in the percent change in death cases. All other countries
show Hurst exponent below 0.5. New Zealand shows
the lowest value (<0.25); this supports trends towards a
mean-reversion state. With this broad, macroscopic view
of the Hurst exponent results across the FW time win-
dow, we now study the behavior in segmented time win-
dows, namely, during TW1, TW2 and TW3.

Hurst exponents during characteristic segmented time
windows and state transitions Since the overwhelming
majority of the daily infection and daily death count time
series data are non-stationary (see Sec. "Stationarity of

M log return Infection Data
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COVID-19 Time Series Data" and Tables 3 and 4 in the
Appendix), we do not calculate the Hurst exponent for
those cases. Figure 7 shows Hurst exponent results from
the R/S analysis.

First, Fig. 7(a) shows the Hurst exponent time evolution
for the infection log return data for all twelve countries.
Figure 7(b) shows the Hurst exponent time evolution for
the death log return data. A line for H=0.5 is drawn to
indicate a baseline for white noise.

Note several dashed lines are drawn to illustrate the
key points. For the USA daily infection log return data,
a 40% decline in the Hurst exponent is noted from TW1
to TW2, and then a 14% rise again in TW3. For Brazil, a
30% decline is noted in the Hurst exponent from TW1 to
TW2, and then a 16% rise in TW3. This can perhaps be
explained by competing issues associated with the pre-
vailing circumstances, namely, vaccines and emergence
of a highly transmissible omicron variant—the omi-
cron BA.1 variant caused a sharp rise in infection cases
in the early part of 2022. For India, the Hurst exponent
increased by 14% from TW1 to TW?2. This can perhaps
be due to the delta variant originated from India and
caused severe problems with India’s healthcare system
in early 2021. However, the Hurst exponent decreased by
7% from TW2 to TW3 for India, as the delta wave gradu-
ally receded there. South Korea and Israel show similar
trends. The Hurst exponent shows an increase of 14%
from TW1 to TW2 and then another 3% increase from
TW?2 to TW3 for Israel. For most of the other countries,
there has been a consistent trend where a steady decline
in the Hurst exponent occurs between TW1 and TW2
and then attains almost a similar value between TW2
to TW3. The average Hurst exponent across the twelve
countries shows about 6% decline from TW1 to TW2

B log return Death Data
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Fig. 6 Hurst exponent from R/S analysis for daily infection and death log return data for all countries — here the entire time series data covering
January 22,2020 to March 1, 2022 are used. Note distinct differences in the Hurst exponent values between log return infection and death datasets
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Fig. 7 Time evolution of the Hurst exponent results for all twelve countries'daily infection and death log return time series: (a) The top panel
shows the time evolution from TW1-TW2-TW3 for the log return infection data; (b) the bottom panel shows the time evolution from TW1-TW2-TW3
for the log return death count data. A dashed horizontal line is drawn along H=0.5 to indicate a white noise state. H< 0.5 represents data
corresponding to an anti-correlated or mean-reversing state, while H>0.5 shows persistence or long-range memory in the data. We have shown
examples of the state transitions from long-range memory/persistence to random to mean-reversion using the dashed lines

and then about 3% decline from TW2 to TW3. This indi-
cates that, in general, the percent changes in the infection
cases show a tendency to move away from persistence/
long-range memory and move in the direction towards
mean-reversion and anti-correlated states. This can per-
haps be attributed to the fact that as time progressed a
higher population percentage has been able to receive
vaccines and also acquire natural immunity. However,
these actions also are tugging against an opposite reac-
tion as time progressed forward, namely, the opening
up of society and relaxing measures, such as social-dis-
tancing, wearing masks, etc. This force is competing with
the fact that the SARS-CoV-2 is mutating from the alpha

variant to the delta variant to the highly contagious omi-
cron variant. Due to these competing forces, there is not
a clear downward trending, i.e., a negative slope for the
average Hurst exponent values across the twelve coun-
tries between the time periods considered here. The
Hurst exponent results point towards local changes, as
illustrated by transitions for the USA and Brazil. A uni-
versal behavior can be expected with a homogeneous
overall situation, namely, global vaccines and/or herd
immunity.

Now we discuss the results in Fig. 7(b) that correspond
to the Hurst exponent time evolution of the death time
series (log return data). The line for H=0.5 indicates
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a baseline for white noise. We observe that a few coun-
tries in TW1 show Hurst exponent values larger than 0.5;
specifically, note the results for Sweden, India, and New
Zealand. Starting in TW2, all countries present Hurst
exponent values below 0.5, with the exception for India
and Israel showing the exponent value near 0.5. In TW3,
the Hurst exponent for South Kore is near 0.5, while the
remaining countries show Hurst exponent values below
0.5. The Hurst exponent value for New Zealand is close
to zero — this trend indicates mean-reversion or anti-cor-
relation in the data.

Several illustrative state transitions are indicated by
dashed lines for the death log return data. For the USA,
a 26% drop in the Hurst exponent is noted from TW1 to
TW?2 and then another 4% drop from TW2 to TW3. For
Brazil, there is a 33% drop in the Hurst exponent from
TW1 to TW2 and then a 27% increase from TW2 to
TW3. For India, there is a 10% drop in the Hurst expo-
nent from TW1 to TW2 and then another 10% drop
from TW2 to TW3. Overall, the average Hurst expo-
nent across the twelve countries drops 16% from TW1 to
TW2 and then another 2% from TW2 to TW3.

The general trend indicates that as time evolved in
the pandemic and vaccines became available, the death
percent changes tend towards being anti-correlated and
mean-reverting. This provides some quantitative evi-
dence that the vaccines and natural immunity may have
had a positive or favorable effect on the percent change in
daily death counts. During TW2 and TW3, the vaccines
were by and large available to the general public, while
the only defense that the public, in general, had was from
lockdowns and social distancing during TW1.

DFA Scaling Exponent Studies

To further establish the trends through self-affinity stud-
ies, we examine the DFA scaling exponent, a — the meth-
odology is discussed in Sec. "Detrended Fluctuation
Analysis (DFA) and Scaling Exponent". Figure 8 shows
the Detrended Fluctuation Analysis scaling exponent
results.

Figure 8(a) shows the estimated DFA « for the infec-
tion time series data (log return data). Here, we plot the
evolution of this scaling exponent for all twelve countries
across TW1 through TW3 time segments. We have indi-
cated the line a =0.5 to indicate white noise, and we show
several dashed lines to illustrate state transitions.

An analysis of the USA log return infection data, for
example, shows an 81% decline in the DFA o from TW1
to TW2. The scaling exponent is far above 0.5 during
TW1 for USA, while it falls to approximately 0.17—0.18
in TW2 and TW3 time segments. The DFA «a for India,
on the other hand, shows less than 0.5 in TW1, but it
increases 80% in TW2 and continues to remain above
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0.5 in TW3. For Israel, on the other hand, a 7% decline
is noted from TW1 to TW2, and it remains at the same
level (value of 0.52) for TW3. In general, the DFA scaling
exponent for Israel remains around 0.5 across the three
time periods.

Looking at the average scaling exponent across the
twelve countries for the log return of the infection data,
we note an approximately 29% drop in the scaling expo-
nent from TW1 to TW2. Another 5% drop in the average
DFA scaling exponent occurs going from TW2 to TW3.

For the death log return data, Fig. 8(b) shows a down-
ward trend (on average) from TW1 to TW2. From TW2
to TW3, the death log return time series exhibits on aver-
age a flat trend.

A few specific state transition cases are highlighted —
the dashed lines can be followed in these illustrations;
all others can be similarly analyzed in Fig. 8(b). During
TW1, the DFA scaling exponent for the USA is above
0.5. Then, during TW2 an approximately 93% drop in the
DFA scaling exponent occurs, and it increases by about
25% between TW2 to TW3. For India, the DFA scaling
exponent is above 0.5 in TW1 and increases by 6% in
TW2. It then drops below 0.5 in TW3 with a decrease of
26% between TW2 and TW3. The average DFA scaling
exponent value across the twelve countries decreases 49%
from TW1 to TW2 and then another 4% decrease from
TW2 to TW3.

Overall, the average DFA scaling exponent shows sig-
nificantly larger decline for the death time series than for
the infection time series between TW1 and TW3. The
death time series have moved away from a long-range
memory and approached towards an anti-correlation or
mean-reversal state from TW1 through TW3 on average.
This corroborates the results from Hurst exponent analy-
sis discussed earlier.

Key Comparisons of Hurst Exponent and DFA scaling

for Assigning Characteristics to COVID-19 Evolution

Overall, we observe the following key behaviors and
trends that shed important light on questions related to
state transitions in the COVID-19 data.

(i) The Hurst exponent analysis shows that during TW1
when vaccines were unavailable (except limited cases),
several countries show long-range memory and persis-
tence in both infection and death log return data. This
includes India, US, UK, Sweden and Brazil for infection
data, and Sweden, New Zealand, and India for death data.

During TW2 and TW3, about one-third of the coun-
tries show Hurst exponent values above or around 0.5 for
log return infection, while all countries show Hurst expo-
nent values less than 0.5 for log return death.

(ii)The DFA scaling exponent analysis shows the val-
ues for US, UK, Israel and Brazil to be above 0.5 for the
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Fig. 8 Time evolution of the scaling exponent, a, calculated from the Detrended Fluctuation Analysis (DFA) for all twelve countries’daily infection
and death log return time series: (a) The top panel shows the time evolution from TW1-TW2-TW3 for the log return infection data; (b) the bottom
panel shows the time evolution from TW1-TW2-TWS3 for the log return death data. A horizontal dashed line shows a=0.5 to indicate a white noise
state. We have shown examples of the state transitions from long-range memory/persistence to random to mean-reversion using the dashed lines

infection time series during TW1—indicating long-range
memory and persistence. For the log return death time
series in TW1, the countries, namely, USA, New Zea-
land, and India show DFA scaling exponents above 0.5.

All countries, except India, show DFA scaling expo-
nents below 0.5 for death time series during TW2. For
infection data, approximately one-sixth of the countries
show DFA scaling exponents above 0.5 during TW2 and
TW3 time period, indicating long-range memory. The
rest are all below 0.5 which indicates trends towards non-
persistence or anti-correlations.

(iii) From both the average Hurst exponent calculated
from R/S analysis and the average DFA scaling exponent,

we consistently observe a negative trend in the exponent
values corresponding to the log return death data going
from TW1 to TW3. This behavior is also present for
the log return infection data, but the percent change is
relatively less prominent. This trend correlates with sev-
eral factors: (1) Several countries show a positive uptick,
in the Hurst exponent and/or DFA scaling exponent,
between TW2 and TW?3 for the infection log return data.
(2) A large global jump in the number of infection cases
due to the omicron variant of the SARS-CoV-2 spread
throughout the globe is reported. (3) The omicron vari-
ant likely affected the infection daily percent changes as
the vaccines and natural immunity may not have fully
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mitigated against contracting the COVID-19 disease.
However, the vaccines and the natural immunity may
have shown resilience in preventing deaths from the
COVID-19 disease. The observations from the self-affin-
ity analyses that both the Hurst exponent and the DFA
scaling exponent show a clear downward trend for the
average values as the time window progresses forward
can be used as quantitative metrics to characterize the
underlying dynamical system.

Conclusions

This work builds a structured methodological approach
using an analytics toolbox to study the temporal dynam-
ics of the COVID-19 pandemic, specifically the daily
infection and death counts. Through a systematic study
of diverse datasets across a comprehensive time window,
this article demonstrates the utility of an ensemble of
multiple data analytics methodology. This study shows
the design of a toolbox, in examining statistical and self-
affinity characteristics of a dynamically evolving system,
here, COVID-19 daily infections and deaths. With seg-
mentation of the time into three characteristic windows
from the beginning of the pandemic (January 22, 2020)
till March 1, 2022, we have analyzed daily new infection
and death time series across diverse geographical regions
spanning twelve countries over six different continents.

We summarize the key findings below.

(i) All of the infection and death time series show a
positive skewness in the data for the twelve coun-
tries across all time windows.

(i) The vast majority, ie., approximately 90% of the
cases, for both infection and death time series
show a leptokurtic distribution, with varying char-
acteristics, especially from the standpoint of heavy
tail distribution attributes.

(iii) From co-integration studies, we find no universal
rule that the infection count data is co-integrated
with the death count data for a lag of seven days.
Approximately two-thirds of the countries in our
data sample show co-integration between the non-
stationary infection cases and its corresponding
non-stationary death time series counts. Sensitivity
studies with respect to lag days, from seven days to
twenty-one days, point to questions on universality,
with an indication towards local attributes instead
of diffusion through the entire geosystem.

(iv) From the self-affinity studies across all twelve
countries, we observe a trend of moving from long-
memory to mean reversion state for the log return
death data.

The infection time series shows a relatively weaker
negative trend (with respect to death time series data) for
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the average Hurst and DFA exponent value across TW1
to TW3. Several upticks in the Hurst and DFA exponent
values going from TW2 to TW3 can be contributing
here. This can be possibly attributed to the fact that the
omicron variant may have caused general spikes in most
places around the globe in the daily infection number of
cases.

This quantitative analysis builds a foundation for
assessment of data trends. Tracking both Hurst expo-
nent and DFA scaling exponent enables us to follow the
system state. Note that low values approaching zero are
desirable from an epidemiological viewpoint — this indi-
cates anti-persistence in the time series and thus mean-
reversion. Usage of these analytical tools in the context of
new data for new situations can be continuously explored
using the foundation laid down in this work.

While demonstrating the merit of an ensemble of mul-
tiple analytics for examining large dynamical datasets,
several topics for future explorations are conceived. With
the ongoing complex mutations of the SARS-CoV-2, such
as various sub-omicron variants, many questions emerge
on the competing dynamics of additional population seg-
ments having vaccines. Continuing the statistical analy-
ses and the Hurst and DFA scaling exponent estimation
enables building valuable knowledge, especially to deter-
mine the merits and limitations of the individual versus
multiple analytics with newer data.

One of the key strengths of this approach is that we
have analyzed the temporal dynamics of the COVID-19
pandemic using three independent analytical method-
ologies: (a) statistical characteristics through examining
higher moments of the distribution; (b) stationarity tests
of all time series datasets and co-integration between
non-stationary time series datasets, (c) and finally, self-
affinity properties using Hurst exponent and DFA scaling
exponent estimates. While each of these methodologies
may individually have certain assumptions and limita-
tions (see the respective sections on methodologies in
Sec. "Methodologies for Examining Statistical Character-
istics of Time Series Data" and "Methodologies for Exam-
ining Self-Affinity Characteristics of Time Series Data"),
their usage in an analytics toolbox provides an aggrega-
tion of lessons learned from all and reduces individual
bias in any one particular method. Although the merits
of synergistic aggregation are not quantitatively assessed
(beyond the scope of this work), the links in the analytics
chain comprising higher moments analysis-stationarity
& co-integration studies-self-affinity studies and value
added by the elements can be qualitatively recognized.
A formal mathematical construct, based on for exam-
ple, information theory centric analyses, can shed light
on quantitative assessments of relative merits of diverse
analytics and their aggregations, including model-based



Guharay BMC Medical Research Methodology (2025) 25:1

approaches as well. Such an endeavor in the future can
add important values and guide users to dynamically per-
form scenario-based analysis of alternatives and assess
relative merits of aggregation of results from different
analytical methods.

Since this is a data driven approach and it does not
incorporate any specific model or parametric assump-
tions, any corruptions or imperfections in the source data
can yield questionable conclusions. Hence, the credibility
of the original data source [35] is very critical. As noted
earlier, several independent studies [38—40] have shown
that the JHU repository is a reasonable data source to
use. With a broader perspective it can be noted that a
systematic comparison of different data repository for
all data has merits. An important point related to the
use of higher moments, namely, skewness and kurtosis,
is that although these statistical metrics of data distribu-
tions give insights into general macroscopic trends for
the COVID-19 daily infection and death data, its abil-
ity to determine clear distinctions in the characteristic
signatures of the data between the countries is limited.
Limitations of low predictive power of the skewness and
kurtosis are reported in a recent work with respect to
forecasting contexts [36].

As outlook for the future, the analytics framework
reported in this work can be tested with datasets pertain-
ing to new dynamical problems. In addition, other quan-
titative approaches, for example, spectral based methods
(such as Wavelet transform [74] and/or Fast Fourier
Transform (FFT)) and entropy-based methods (such as,
Renyi entropy and Mutual information function (MIF)
[75]) may also be added to the analytics toolbox to yield
additional information and enhance capabilities. Further
study may be warranted in this area.

Additionally, quantitative evidence of regime changes
can be explored using Markov regime switching models
[76]. Genetic based algorithms and minimum description
length (MDL) principles can be used for non-stationary
time series [77] to identify the structural breaks, and it
can quantitatively indicate when these breaks lead to
potential regime changes. Finally, linking this work to
epidemiological model-based approaches, such as SEIR/
TSIR/others, have merits to build a grand ensemble
methodology and answer various critical questions, espe-
cially to build policy related strategies.

Abbreviations

SARS-CoV-2 Severe Acute Respiratory Syndrome Coro-
navirus 2

CovID COronaVlrus Disease

SEIR Susceptible-Exposed-Infectious-Recovered
model

TSIR Time dependent Susceptible-Infection-Recov-
ered model

W1 Time Window 1 ranges from January 22,

2020 through March 1, 2021
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TW2 Time Window 2 ranges from March 2, 2021
through October 10, 2021

TW3 Time Window 3 ranges from March 2, 2021
through March 1, 2022

FW Full Window ranges from January 22, 2020 —

March 1,2022

Johns Hopkins University’s COVID-19 Data
Repository by the Center for Systems Sci-
ence & Engineering

JHU COVID-19 Data Repository

PP test Phillips Perron test for unit root

ADF test Augmented Dickey Fuller test for unit root

KPSS test Kwiatkowski-Phillips-Schmidt-Shin  test for
unit root

MAIC Modified Akaike Information Criterion

PO test Phillips-Ouliaris test for co-integration

R/S analysis Rescaled range analysis for Hurst exponent

DFA Detrended Fluctuation Analysis

I(1) Integrated of order 1 for time series

1(0) Integrated of order O for time series
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