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Background: As Coronavirus disease 2019 (COVID-19) pandemic led to the unprecedent large-
scale repeated surges of epidemics worldwide since the end of 2019, data-driven analysis to
look into the duration and case load of each episode of outbreak worldwide has been
motivated.
Methods: Using open data repository with daily infected, recovered and death cases in the
period between March 2020 and April 2021, a descriptive analysis was performed. The
susceptible-exposed-infected-recovery model was used to estimate the effective productive
number (Rt). The duration taken from Rt > 1 to Rt < 1 and case load were first modelled by
using the compound Poisson method. Machine learning analysis using the K-means clustering
method was further adopted to classify patterns of community-acquired outbreaks worldwide.
Results: The global estimated Rt declined after the first surge of COVID-19 pandemic but there
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were still two major surges of epidemics occurring in September 2020 and March 2021, respec-
tively, and numerous episodes due to various extents of Nonpharmaceutical Interventions
(NPIs). Unsupervised machine learning identified five patterns as “controlled epidemic”,
“mutant propagated epidemic”, “propagated epidemic”, “persistent epidemic” and “long
persistent epidemic” with the corresponding duration and the logarithm of case load from
the lowest (18.6 � 11.7; 3.4 � 1.8)) to the highest (258.2 � 31.9; 11.9 � 2.4). Countries like
Taiwan outside five clusters were classified as no community-acquired outbreak.
Conclusion: Data-driven models for the new classification of community-acquired outbreaks
are useful for global surveillance of uninterrupted COVID-19 pandemic and provide a timely de-
cision support for the distribution of vaccine and the optimal NPIs from global to local commu-
nity.
Copyright ª 2021, Formosan Medical Association. Published by Elsevier Taiwan LLC. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).
Introduction

An emerging human coronavirus, severe acute respiratory
syndrome, namely Coronavirus disease 2019 (COVID-19),1

was first detected by the end of 20192 from the city of
Wuhan, Hubei Province, China and then rapidly spread from
hotspot to hotspot worldwide in the early phase before
pandemic as indicated in the accompanying article of this
special issue.3 Accordingly, World Health Organization
(WHO) declared COVID-19 as a public health emergency of
international concern (PHEIC) on 30th January 2020.

As little is known about this new coronavirus that led
to unawareness about the high transmission of COVID-19
through pre-symptomatic and asymptomatic COVID-19
cases during incubation period,4,5 and slow reaction about
public health system, this novel pathogen took only three
months to cause a worldwide pandemic announced on
11th March 2020 and has caused long persistent epidemic
since then. The fatal consequences of this long and
persistent pandemic are three-fold. Infected elderly or
people with underlying diseases are prone to serious out-
comes, progress faster, and present higher case fatality.6e8

This has also damaged the existing healthcare system
especially on several aging countries.9,10 The containment
policies have been suggested including visa restrictions,
denying travelers from areas with outbreaks, inbound
quarantine measures, nationals/residents isolation, border
control, flight/harbor suspensions, mandatory personal
protective behavior and enlarged social distance in many
countries attacked by COVID-19.11e13 The policies appar-
ently inflict heavy impacts on economic, civilization, and
human life.

Attempts made to investigate the unprecedent epidemic
trend in a systematic way would be beneficial to contain
community-acquired outbreaks and provide a good guidance
for the distribution of vaccine. In order to have well pre-
paredness, a highly awareness is helpful to control the
transmission scale and to reduce the severity of symptoms in
the face of second epidemic waves.14e17 In the early
epidemic phases, rapidly identifying the clinical, epidemio-
logical and pathogenologic characteristics of pathogens from
S27
infective cases and clarifying the travel history, occupation,
contact history, cluster gathering (TOCC) for patients are
helpful for health authorities to make contingency plan
on implementing containment measures in community to
prevent the community-acquired infection.16e18 However,
when time goes and COVID-19 pandemic still exists very few
researches have been conducted to look into why there are
uninterrupted and repeated episodes with high case load of
community-acquired outbreaks during COVID-19 pandemic.

Traditionally, the global epidemic curve modelled by the
susceptible-exposed-infected-recovered (SEIR) to yield
effective reproductive number (Rt) may be sufficient to
monitor the epidemic of emerging infectious disease.
However, it seems better to develop a new surveillance
system for monitoring the global and the local community-
acquired outbreaks when facing long pandemic period
worldwide. The aim of this study was to classify the
community-acquired outbreak from different surges of
COVID-19 pandemic using data-driven models taking into
account the duration taken from Rt > 1 to Rt < 1 and case
load given each duration.
Methods

Data sources

A daily basis data on the number of reported COVID-19
cases, recovery, and death were retrieved from the open
data repository maintained by Johns Hopkins University
Center for Systems Science and Engineering (CSSE).19,20 To
assure the quality of data, the frequencies reported by
CSSE were cross-validated with that of the WHO situation
reports, regional health authorities, and other web-based
information sources.19 In addition to the frequencies on
global scale, the CSSE also reported the data on country
and region level. Using such an open data repository in the
period between March 1st 2020 and April 10th 2021, a big-
data driven framework was facilitated to assess the
epidemiological trends, time to lift social distancing, and
classify the patterns of community-acquired outbreaks.
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Data-driven framework

Estimating effective reproductive number
Following the method elaborated by Daley and Gani,21 the
reproductive number can be estimated by using information
on the frequencies of susceptible, cases, recovered cases,
and deaths. The corresponding effective reproductive
number at time t (Rt) is then derived. Note that the total
population of a country/region of interest is the summation
of for quantities. By using the frequencies on global and
countries/region level, the value of Rt of the scale of in-
terest and the force of COVID-19 transmission can be
evaluated. For an effective reproductive number larger
than 1 (Rt > 1), the transmission of COVID-19 persists and
the occurrence of outbreak is certain. On the other hand, a
Rt less than one indicates the containment of transmission
force and the end of outbreak.22

Classification of community-acquired outbreak based on
case load and duration from Rt > 1 to Rt < 1
In conventional infectious epidemiology, whether the
effective reproductive number is larger than 1 (Rt > 1) is
often used to assess the spread of SARS-CoV-2 even given
containment measures. In this scenario of community-
acquired outbreaks of COVID-19 pandemic, the duration
of outbreak retaining larger than one (Rt > 1) provides
valuable information to define different types of
community-acquired outbreaks. Here we define the dura-
tion as the time taken from Rt > 1 to Rt < 1. The longer the
duration, the severe is the epidemic called persistent
community-acquired outbreaks caused by COVID-19.
Therefore, the duration from Rt > 1 to Rt < 1 might be
one of useful criteria for classifying community-acquired
outbreaks. In addition to duration, other information used
for community-acquired outbreaks is pertaining to cumu-
lative confirmed cases to reflect case load given the dura-
tion of persistent community-acquired outbreaks.

To model the contribution of duration and case load to
the classification of community-acquired outbreaks, we
applied a new compound Poisson regression model and
unsupervised machine learning analysis with K-means
clustering method as described in statistical analysis.

As the global resurgence was observed after June, 2020
while most of countries lifted social distancing, the classi-
fications of community-acquired outbreaks were analyzed
in two surge periods, first surge period (January w June,
2020) and second surge period (July w December, 2020),
respectively. Additionally, although country or region might
have several outbreaks during the surge period, the time to
Rt < 1 with the maximum peak of Rt were selected to
represent their outbreak for each country in the following
compound Poisson regression and unsupervised machine
learning analysis.
Statistical analysis

Descriptive analysis
Several descriptive analyses have been performed,
including time trends of epidemiological profiles of cumu-
lative COVID-19 cases and deaths, and the index for lifting
social distancing (social distancing index, SDI) developed by
S28
Chen et al.23 used to assess the balance between COVID-19
disease burden represented by the number of COVID-19
cases and the medical resource capacity captured by the
number of recovery and case fatality rate of COVID-19. For
a sustained outbreak with incased COVID-19 cases and
unmet medical needs aroused by these cases, the index will
be larger than 1. This scenario thus calls for a strict social
distancing measure to reduce the spread of COVID-19 to the
extent the medical care capacity can catchup. Following
this rationale, when the SDI index is thus lower than 1
lifting social distancing can be considered. The degree of
confidence in lifting social distancing by using the inverse of
the decile of SDI from the lowest (0.1) to the highest (1)
have also been proposed.23

Analysis with the SEIR model
The deterministic compartment model was applied to
estimating the transmission coefficient, recovery rate and
death rate based on time-series data including the number
of reported infected cases, recovered cases, and deaths.
The predicted and the observed were presented with each
other.

The degree of community-acquired with compound
Poisson regression analysis
In order to take into account the impact of the dura-
tion and case load as indicated above for classification
of community-acquired outbreak, a compound Poisson
regression model was applied. Let Ta denotes the numbers
of days from Rt > 1 to Rt < 1 among 365 days or longer for
a country or region, the mean number of days of outbreak
for each country and region was assessed by

TawPoissonðlÞ ð4Þ
X1;X2;.; XTa are the daily reported cases on the 1st,2nd,
., Ta day representing the discrete time of duration and

YZ
P

Ta
iZ1Xi is the random sum of the reported cases and

follows the compound Poisson distribution.

Log

 X
Ta
iZ1Xi

!
Zaþ bað Country = regionÞ; ð5Þ

where the Ta is captured by a Poisson distribution and the
cases occurred in each day is captured by a Gamma dis-
tribution. The vector of regression coefficient, ba, thus
represents the degrees of community-acquired COVID-19
outbreak for each country and region. We selected a
country with moderate epidemic and sufficient large pop-
ulation for a stable figure, such as Sweden, as the reference
group. The statistical analyses for the compound Poisson
model were conducted using Tweedie’s compound Poisson-
Gamma mixture model by using the procedure of HPGEN-
SELECT written by SAS program.

Machining learning approach with the K-means clustering
analysis
We examined the patterns of disease outbreak by using K-
means clustering technique. The K-means clustering is one
of the popular machining learning algorithms. The K-means
algorithm uses iterative refinement based on k clusters to
ensure the minimized centroid for the sum of the squared
distance between the data points of a cluster.24,25 The best
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estimate for number of clusters k was based on the aligned
box criterion statistics. After selection, the optimal number
of clusters was set as 5 for unsupervised clustering. All
statistical analyses were performed with SAS 9.4 and SAS
Viya software.

Results

Global epidemics of COVID-19

Fig. 1 shows the epidemic curve of daily confirmed COVID-
19 cases from March 1st 2020 to April 10th 2021. The
declaration of COVID-19 as pandemic on March 11th 2020 by
WHO was entirely based on a remarkably higher basic
reproductive number as shown in Fig. 1 (a) (in orange). The
epidemics in the globe had lasted from the day of decla-
ration until May 2021 and showed a declining trend until
September 2020 after the adoption of various extents of
Nonpharmaceutical Interventions (NPIs) in global regions
although the extent of execution varied from place to
place. Since then, there was a second surge of epidemic
until December 2020. Although the epidemics was tenta-
tively contained between January and February 2021 after
NPIs have been re-operated in various regions in the globe
and the initial uptake of vaccine has started in certain re-
gions, there was a third surge of epidemic since March 2021.

The corresponding trends of global SDI is also shown in
Fig. 1 (a) (in green). As the magnitude of global SDI was
larger than 1 until April 2021 it is very difficult to lift social
distancing from the global perspective.

Continental epidemics of COVID-19

The similar trends as seen in global epidemics were also
noted in other continental regions. During the COVID-19
pandemic from January 2020 to April 2021, the major
contribution of COVID-19 cases around the world was
mainly from Europe, followed by North America, South
America, Asia and Oceania, and Africa, as shown in
Fig. 1(b)e(f)). Notably, after initial outbreak, it took
around two to three weeks for Rt close to 1 in Asia Pacific.
The times to Rt below 1 were longer for other continents,
including 57 days, 75 days, 157 days, and 170 days in North
America, Europe, Africa, and South America, respectively.
After Rt close to 1, the continent-specific time trends for Rt
fluctuated between 1 and 2, which indicate the COVID-19
has become persistent and endemic. Regarding the size of
SDI, all the values of SDI were above 1 during our study
period. However, all time trends of SDI for each continent
shows a tendency of accelerating recovery and improving
case-fatality rate, namely the decline in SDI, after the first
surge.

Global and continent-specific COVID-19
transmission and death rates

Fig. 2 shows the trends of global and continent-specific
transmission coefficients and case-fatality rates using the
SEIR model. Higher transmission coefficients were observed
at initial outbreak phase globally and all other continents.
S29
The transmission coefficients then declined to a lower
range between 0.1 and 0.3 after April 2020 but still alter-
nating between different scales in the surge of epidemic
and off-and-on with various extents of NPIs implemented in
different continents. The similar time trends of case-
fatality rates were also noted with higher case-fatality
rates at the beginning of outbreaks and then a substantial
decline from June 2020 onwards, indicating the improve-
ment of quality of care for COVID-19 patients with time
(Fig. 2 (g)e(l)). Compared with other continents, the higher
case-fatality rates ranging between 0.02 and 0.04 were
observed in South America (Fig. 2 (j)) and Africa (Fig. 2 (k)).

Classification of global community-acquired
outbreak

Fig. 3 shows the ranges of regression coefficients estimated
from the compound Poisson regression model (�10.4 to 5.5
in the first surge and �12.6 to 3.6 in the second surge),
representing a wide ranges of various types of epidemic in
all countries worldwide taking Sweden as the reference
group (Supplementary Table 1). Table 1 also shows the re-
sults of the quintiles distribution of regression coefficients
regarding the classification of five clusters.

Fig. 4 shows the results of the K-means clustering
method with five patterns identified in both surge periods
by using information on the duration of epidemic and case
load. The manifested segmentation between clusters was
observed in first surge period. The orders of clusters were
ranked by duration and case load. Table 1 shows the
average duration and case load of five clusters. Cluster 1 (in
purple) had the lowest duration and the logarithm of case
load (18.6 � 11.7; 3.4 � 1.8) and the cluster 5 had the
highest figures (258.2 � 31.9; 11.9 � 2.4). Also, the
regression coefficients were also ranked according to five
clusters classified by K-means clustering method. Five
patterns for the classification of community-acquired out-
breaks are labelled as “controlled epidemic”, “mutant
propagated epidemic”, “propagated epidemic”, “persis-
tent epidemic” and “long persistent epidemic”.

In the second surge period, there are some overlapped
segmentations within clusters. Compared with the first
surge period, the risk of COVID-19 transmission was higher
(relative risk: 2.20, 95% CI: 1.46e3.31) in the second surge
period. Basically, the clusters can be ranked by duration
and case load. Note that the duration taken to reach Rt < 1
in cluster 2 was shorter than cluster 3 but case load was
larger in cluster 2 than cluster 3.

However, the regression coefficient was more likely to
depend on case load rather than duration based on data in
second surge period. The average duration and cumulative
logarithm cases should be simultaneously used to ascertain
the type of community-acquired outbreak.

Classification of community-acquired outbreak in
Asia

In Asia, the classification of community-acquired outbreak
was also categorized by five clusters (Fig. 5). The patterns
were similar to the global clustering in both of two surge
periods. In first surge period, country/region, such as
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Vietnam and Macau in cluster 1 with lowest time to Rt < 1
and cumulative logarithm cases could be indicated as the
outbreak with the well-controlled type. Country/region,
such as South Korea and Hong Kong in the cluster 2 would
make much effort but required the longer time to contain
the outbreak. However, countries with outbreak without
effective control in the cluster 4 or cluster 5 resulted in more
cases and longer time before reaching to Rt < 1. Countries or
Figure 1 Global and continent-specific epidemic curves, re
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regions including Laos, and Taiwan did not have any
community-acquired outbreak in first surge period.

Time required to Rt < 1 was shorter in second surge
period than the first surge period, particularly in cluster 4
and cluster 5. Compared with the clustering in first surge
period, countries or regions might stay in the same clusters,
or change to other clusters. The countries or regions with
better containment measurements, the cluster were
productive number, and index for lifting social distancing.



Figure 2 Global and continent-specific observed cases and deaths, estimated transmission rates, and death rates over time
during the pandemic periods.

Journal of the Formosan Medical Association 120 (2021) S26eS37
changed to the cluster with lower duration as well as the
lower case load.

Discussion

In this article, we first reported the global and continental
epidemics of COVID-19 in the light of daily reported
confirmed cases, the estimated effective reproductive
numbers, and index for lifting social distancing. We then
compared the observed cumulative cases and deaths with
S31
the predicted ones based on the SEIR model, from which
the estimated transmission coefficients and effective
reproductive number (Rt) were derived. Consistent with the
accompanying article in the same issue,26 the first surge
period had the highest transmission coefficients and also Rt
after the first outbreak reported from China and the rapid
spread from hotspot to hotspot worldwide in the early
period of transmission caused by this novel pathogen until
the declaration as pandemic because of delay of providing
appropriate containment measures.



Figure 2 (continued).
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During the long persistent pandemic period, the
numbers of resurgence were observed in countries with
infection. The reasons behind the increased number of
resurgence might be associated with the easing of NPI,
community-acquired outbreak, or may be due to importa-
tion of cases.27 It is therefore important to identify
different types of community-acquired outbreaks.
S32
However, the use of conventional effective reproductive
number may not be sufficient to capture these diversified
types of community-acquired outbreaks for each county or
region. We thus proposed a data-driven framework to
improve the application of Rt with the SEIR model in order
to have a better classification of community-acquired
COVID-19 outbreaks worldwide.



Figure3 Regression coefficient of compound Poisson model. (a) First Surge Period: January w June (Reference group: Sweden).
(b) Second Surge Period: July w December (Reference group: Sweden).
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Methodologically, we used two indicators, duration
and case load of epidemic, to capture the heterogeneity
of patterns associated with whether community-acquired
outbreaks persisted with time. The longer the duration, the
more likely to have persistent epidemic. The higher the
case load the less likely the outbreak might be contained.
Note that both duration and case load should be considered
simultaneously. Note that the case load might be a domi-
nated factor in the light of our data-driven approach. The
higher regression coefficient in the cluster 2 had shorter
duration but higher case load compared with the cluster 3
(see Table 1).

Accordingly, five patterns for the classification of
community-acquired outbreaks are identified and labelled
as “controlled epidemic”, ““, “mutant propagated
epidemic”, “propagated epidemic”, “persistent epidemic”
and “long persistent epidemic” from cluster 1 to cluster 5
identified by K-means clustering analysis. Interestingly, we
found that the minimum time to Rt < 1 was around 3 weeks
S33
and case load was 30e70 cases for measuring the lowest
odds of community-acquired outbreak. It should be also
noted that the cluster 5 had the highest duration and case
load, lasting for almost eight months and having colossal
number of cases. The time window and case load are
plausible as it might take one cycle of incubation period to
contain outbreak if NPIs are effective. However, the
outbreak period might be longer to move from cluster 1 to
cluster 2 or cluster 3 if country or region’s NPIs are less
effective and may also be caused by the emerging viral
variants. Moreover, countries with high attack rate would be
classified as cluster 4 or cluster 5 due to the lift of NPIs or
high transmissible mutant virus. The former reason is that
nonpharmaceutical interventions to restrict human move-
ment have proven to contain the spread of the virus. How-
ever, nonpharmaceutical interventions with limited physical
movement by lockdown, adopted social distancing and
personal protective mask were effective strategies but very
challengeable for government. After COVID-19 pandemic,



Table 1 The average time to Rt < 1, average cumulative cases, and average estimated coefficients by resurgence patterns and
risk comparison between first and second periods, compound Poisson regression model analysis.

Cluster1 Cluster2 Cluster3 Cluster4 Cluster5 Relative Riska

(95% CI)

First Surge Period (January w June, 2020)
Time to Rt < 1b 18.6 � 11.7 50.7 � 20.4 62.3 � 20.3 130.9 � 22.9 258.2 � 31.9
Cumulative Logarithm Cases b 3.4 � 1.8 7.3 � 1.0 10.4 � 1.2 11.0 � 1.6 11.9 � 2.4
Beta Coefficient b �7.29 � 2.1 �2.52 � 1.1 0.57 � 1.4 0.98 � 1.6 1.97 � 2.3
Second Surge Period (July w December, 2020)
Time to Rt < 1 b 22.0 � 13.5 40.3 � 14.0 64.5 � 20.0 83.0 � 15.5 158.4 � 38.9
Cumulative Logarithm Cases b 4.3 � 2.0 10.7 � 1.3 7.8 � 0.9 11.7 � 1.4 12.5 � 1.6
Beta Coefficient b �9.61 � 2.7 �2.02 � 1.3 �4.91 � 0.9 �1.02 � 1.4 �0.20 � 1.6
Second Surge Period vs.

First Surge Period
2.20
(1.46e3.31)

a Relative RiskZ(Beta Coefficient in Second Surge Period/Beta Coefficient in First Surge Period).
b Presented as mean � SD.

Figure 4 Global resurgence patterns by cluster K-means analysis. (a) First Surge Period (Januaryw June, 2020). (b) Second Surge
Period (July w December, 2020).
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therefore, whether the spread of COVID-19 will be
controllable in each continent highly depends on the
effectiveness of NPIs. We demonstrated the effective
reproductive number and SDI for global, continent, country,
and region levels in Asia to elucidate the global dynamic
change of two factors in relation to COVID-19 through the
pandemic period (after March, 2020). The effective repro-
ductive number was applied to monitoring the resurgence of
the cluster infections in each continent. After the outbreak
period, the transmission episode across continents were
similar. The effective reproductive number was generally
declined from high in the outbreak period (more than 3)
approaching to 1 in the pandemic period. The effective
reproductive number stably ranging between 0.5 and 2
S34
during the pandemic period indicates COVID-19 has become
endemic in community globally. Moreover, even though the
effective reproductive numbers across the different periods
were smaller than 1, the social distancing was not able to
lift due to the high SDI (larger than 1) in each continent.

The chronological order of evolving from cluster 1 to
cluster 5 is also consistent with biological plausibility from
the experience of emerging infectious disease. A future
outbreak will soon come after observing local first few X
cases in the daily reports of past epidemic situation
whenever the local authorities take containment measures
too late.28 Without the effective anti-viral therapies and
vaccination, the observation on the natural course lead-
ing to the pandemic of COVID-19 was coherent with the



Figure 5 Resurgence patterns by cluster K-means analysis in Asia. (a) First Surge Period (Januaryw June, 2020). (b) Second Surge
Period (July w December, 2020).
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pandemic pattern of the previous influenza pandemic
pattern that came in waves, suggesting that implementing
public health measures effectively before the first wave
can only relax the damage on waves later but cannot be
fully exempted from an initial outbreak.14,15

The study has some limitations. First, the time axis
in the epidemic curves was the date of reported case from
open-accessible repository rather than the date of labora-
tory report. The dates of testing report or symptom onset
are more essential in understanding the spread of an
emerging infectious disease. However, as our goal is to
classify new pattern of persistent community-acquired
outbreaks such influence may be trivial. An epidemic
curve with the dates of testing report or symptom onset can
give a more immediate insight on the virus transmissions.
Second, complete and accurate information on community-
acquired outbreak is required for the validation of the
developed methods. Further study can employ an addi-
tional and validation process on more specific countries
result using trusted public information. It would be inter-
esting to incorporate more information, such as human
mobility, in order to more comprehensively evaluate the
community transmissions of the virus.

In conclusion, data-driven models for the new classifi-
cation of community-acquired outbreaks are useful for
global surveillance of uninterrupted COVID-19 pandemic
and provide a timely decision support for the distribution
of vaccine and the optimal NPIs from global to local
community.
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