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Comparative Study of COVID-19 Pandemic
Progressions in 175 Regions in Australia,
Canada, Italy, Japan, Spain, U.K. and USA
Using a Novel Model That Considers Testing
Capacity and Deficiency in Confirming Infected
Cases
Choujun Zhan , Member, IEEE, Chi K. Tse , Fellow, IEEE, Ying Gao ,
and Tianyong Hao , Senior Member, IEEE

Abstract—Not identified as being exposed or infected,
the group of asymptomatic and presymptomatic patients has become the key source of infectious hosts
for the COVID-19 pandemic, triggering the re-emergence
of outbreaks. Acknowledging the impacts of movement of unidentified patients and the limited testing
capacity on understanding the spread of the virus,
an augmented Susceptible-Exposed-Infectious-ConfirmedRecovered (SEICR) model integrating intercity migration
data and testing capacity is developed to probe into the
number of unidentified COVID-19 infected patients. This
model allows evaluation of the effectiveness of active
interventions, and more accurate prediction of the pandemic progression in a country, region or city. A pseudocoevolutionary algorithm is adopted in the model fitting
to provide an effective estimation of high-dimensional unknown parameter sets using a limited amount of historical data. The model is applied to 175 regions in Australia,
Canada, Italy, Japan, Spain, the UK and USA to estimate the
number of unconfirmed cases using limited historical data.
Results showed that the actual number of infected cases
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could be 4.309 times as many as the official confirmed number. By implementing mass COVID-19 testing, the number
of infected cases could be reduced by about 50%.
Index Terms—COVID-19
migration, test capacity.
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model,

human

I. INTRODUCTION
HE Novel Coronavirus Disease 2019 (COVID-19), caused
by severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [1] which has a long evolutionary history in
bats [2], began to spread in China since December 2019 and
was found to be highly contagious with a reproductive number
as high as 6.49 [3]. Studies have revealed the mean incubation
period of COVID-19 being 5 to 14 days [4], with high transmissibility of the virus from asymptomatic patients [5]–[7] as well
as possible transmission from presymptomatic patients [8], [9].
While infected individuals who have been tested positive and
confirmed of being infected are mostly isolated [10], presymptomatic and asymptomatic patients have formed a large group of
individuals who are mobile in the community and able to infect
others [11]. In addition, some unidentified infected patients are
still travelling [12]–[14] and continue to spread the virus through
the transportation networks, restaurants, hotels, business venues,
and other venues where they carry out their usual activities and
interact with people [15]–[17]. Thus, the group of presymptomatic and asymptomatic patients have become the key source
of infectious hosts that may trigger new waves of outbreaks. Up
to the end of July 2020, the COVID-19 pandemic has affected
213 countries and caused a total of 17,187,414 infections, with
a death toll of 670,202 [18], and second and third waves of
outbreaks have begun to emerge in countries or cities where the
pandemic had apparently come under control.
The number of confirmed cases is known to represent only
a fraction of the infected patients, and any assessment of the
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extent of an outbreak in a country or city can only be as accurate
as the truthfulness of information obtained in relation to the
number of exposed, infected and recovered individuals in that
country or city. Thus, depending on the number of tests the
authorities manage to administer, there will be considerable
discrepancy between the number of actual infections and the
official confirmed cases [19]. Epidemiological studies indicated
that 40% to 70% of the population could become infected unless
preventive measures are taken, which include early and prompt
testing to identify the infected population and prevent continuous
onward transmission of the virus [20]. Healthcare professionals
around the globe have advocated for improving testing capacity
for SARS-CoV-2 to ascertain infection numbers, estimate reproductive numbers, and evaluate epidemiological risks [21]. More
and faster tests generally improve the probability of identifying
infected but unconfirmed cases, which can help isolate “invisible” COVID-19 patients and disconnect transmission chains
effectively. Different countries are at different stages of pandemic progression. Gearing up for mass testing is the only way
to assess the scope of infection and the phase of the progression
trajectory in order to inform policy makers to formulate and
implement effective public health responses. It is thus important
to develop disease transmission models that are able to estimate
the number of infected but unconfirmed individuals in a certain
population to help contain the spread of the virus [22].
In this work, we attempt to fill the main gap between the
number of confirmed cases and the actual number of infected
cases. Specifically, in the proposed model, an infected individual
may become a confirmed case and then recovered or removed.
Moreover, an infected individual may also be recovered or
removed without being confirmed as infected. In this work,
the basic model proposed is a Susceptible-Exposed-InfectiousConfirmed-Recovered (SEICR) model, which has an additional
state corresponding to an individual having been confirmed by
the authority as being infected [22]. In addition, the SEICR
model, integrated with the daily infection data, intercity migration data and test data, can estimate the size of the unidentified infected population. Also, a specific parameter is included to adjust
the level of active intervention in the simulation of progression
profiles, which corresponds quantitatively to the increase in the
number of individuals eventually infected due to an additional
infected individual at any given time. The proposed model can
evaluate the effect of active control measures, and can provide
realistic prediction for the spread of COVID-19 in a country or
city under different scenarios. The resulting augmented SEICR
model is a high-dimension nonlinear dynamic model. In this
study, a pseudo-coevolutionary algorithm is adopted for model
fitting to estimate the set of unknown parameters, which can then
be used for generating future progression profiles.
The migration-and-test-capacity augmented SEICR model is
applied to study the dynamics of the spread of COVID-19 in
Australia, Canada, Italy, Japan, Spain, UK and USA. Daily
COVID-19 data, intercity migration data, and COVID-19 test
data for 175 states or regions (prefectures in the case of Japan)
have been collected from official sources [23]–[27]. By fitting
the model with data of the COVID-19 infected cases for Australia (January 30 to June 16, 2020), Canada (January 31 to June
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17, 2020), Italy (February 4 to June 17, 2020), Japan (January
31 to May 30, 2020), Spain (February 6 to July 5, 2020), the
UK (January 30 to June 7, 2020) and the USA (January 29 to
June 7, 2020), the corresponding sets of model parameters are
computed and then used to estimate the number of infected but
unconfirmed cases and evaluate the pandemic progression in the
175 states or regions. Our results revealed that a large percentage
of infected patients had not been confirmed, specifically, 75.19%
for the USA, 81.48% for Japan, 71.24% for Canada, 78.75% for
Australia, 75.36% for Italy, 42.64% for Spain, and 85.17% for
the UK. The actual total number of infected individuals could be
4.309 times the official confirmed number. Results also showed
that by increasing COVID-19 testing capacity, the number of
infected cases could be reduced by half, and specifically, the total
number of infected cases would reduce by 4.65% for Australia,
58.63% for Canada, 37.51% for Italy, 52.81% for Japan, 10.88%
for Spain, 52.15% for the UK and 57.03% for the USA.
II. DATA
The World Health Organization (WHO) announced the
COVID-19 outbreak a pandemic on March 12, 2020 and set
COVID-19 to the highest alert level [28]. Many government
facilities release the pandemic data of COVID-19 to the public
[29]. In this study, we have investigated the spread of COVID-19
based on epidemic data, migration data and COVID-19 tests data
of 175 states or regions in seven countries.
A. COVID-19 Data
The available datasets include the cumulative number of
confirmed cases, recovered cases, and death tolls, for 8 states
in Australia from January 24, 2020; 13 states in Canada from
January 25, 2020; 22 regions in Italy from January 30, 2020; 47
prefectures in Japan from January 22, 2020; 19 regions in Spain
from February 1, 2020; 14 regions in the UK from January 30,
2020; and 52 regions in the USA (50 states, a federal district and
Puerto Rico) from January 22, 2020. In general, on day t, the official pandemic data released by region j includes the number of
cumulative confirmed cases Cj (t), cumulative recovered cases
Rj,c (t), and confirmed death cases Dj,c (t), where subscript c
means “confirmed”. However, some authorities provide detailed
data, while others only release crude information. In these seven
countries, each state or region has generally released the detailed
data of confirmed cases, recovered cases and death tolls. However, prefectures in Japan have only provided confirmed cases
and death tolls. For Canada, some states have released recovered
data. For the UK, no recovered data were available from January
22 to May 17, 2020, and no death tolls were available after May
17, 2020. Table I summarizes the available information.
B. Migration Data
We have collected intercity travel data of the seven countries
mentioned in Table I. The data contains the indicative number
of travellers from one city to another within a country [23]–
[27]. Note that these migration data do not include international,
intracity or intraregion travel. Based on the intercity migration
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TABLE I
SUMMARY OF COVID-19 DATA OF 175 REGIONS UNDER STUDY

Fig. 1. Interstate travel network of 52 regions in USA. Color and width
of lines indicates migration strength (color online), while arrows shows
direction.

data, we can construct the migration matrix, which is given as
⎡
⎤
m11 (t) m12 (t) · · · m1N (t)
⎢ m21 (t) m22 (t) · · · m2N (t) ⎥
⎢
⎥
(1)
M (t) = ⎢
⎥,
..
..
..
.
.
⎣
⎦
.
.
.
.
mN 1 (t) mN 2 (t) · · · mN N (t)
where N is the number of regions in a country, and mij (t) is the
migrant volume from region i to region j at time t. There exists
mij ≥ 0 (i = j) and mii = 0. Migration matrix M thus effectively describes the network of regions with human movement
constituting the links of the network. Fig. 1 shows migration network of the USA, where the width of edge indicates the volume
of
migration population and arrows stands for direction. Hence,
N
of population moving in
i=1 mij (t) represents the volume
N
region j from other regions, while i=1 mji (t) stands for the
volume of individuals moving out of region j to other regions.
Then, the dynamic change of population in region j is
N

ΔPj (t) =

N

mij (t) −
i=1

Fig. 2. COVID-19 testing capacity. (a) Number of daily COVID-19
tests; (b) number of daily COVID-19 tests per 1,000 people.

mji (t).

(2)

i=1

It is worth noting that the contribution of human migration
to the pandemic progression was less significant after travel
restrictions and local area lockdowns were implemented, though
it played a crucial role in the early spread of the epidemic in
China from late December 2019 to mid January 2020 [17].

C. COVID-19 Tests Data
Data related to testing capacities of the seven countries have
been collected since February 2020, and graphically shown in
Fig. 2. In particular, Fig. 2(b) shows the daily number of tests perT (t)
× 1000) in each country.
formed per thousand people (i.e., NN
p
The periodic spikes displayed in these data can be attributed to
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TABLE II
COVID-19 TEST DATA IN SEVEN COUNTRIES UNDER STUDY UNTIL JULY
22, 2020

Fig. 3.

State transition flow chart.

region i to region j at time t. We assume that susceptible
individuals are homogeneously mixed in the group of migrating
individuals. Then, on day t, the number of susceptible individuals moving from region i to region j is
limited test availability during weekends and holidays, and the
possible cumulative reporting due to administrative delays. Let
NT (t) be the daily number of people tested in a region on day
t, and Np be the size of population. From the data collected,
the USA has the highest total testing volume, which is 72 times
higher than Japan’s. We see that the USA, UK and Australia
have performed more than 2 tests per thousand people each
day until July 25, 2020, whereas Canada, Spain and Italy have
conducted about 1 test per thousand people. Japan has the lowest
testing capacity among the seven countries under study, and
has performed less than 0.1 test per thousand people. Table II
summarizes the testing capacities of the seven countries.
III. METHOD
A. Model
In the traditional Susceptible-Exposed-Infectious-Recovered
(SEIR) model, each individual would assume one of four possible states: susceptible (S), exposed (E), infected (I), and
recovered/removed (R) [30], [31]. In reality, however, an unconfirmed COVID-19 patient (in state Iu ) would transit into the
confirmed state only if he or she is tested positive. However, not
all COVID-19 patients have a chance to be tested, and thus not
all infected individuals will become confirmed. Hence, some of
the COVID-19 patients would transit to the recovered (removed)
state without going through the confirmed state. Based on the
traditional SEIR model, we introduce a “confirmed state” C,
corresponding to an individual who has been tested positive,
giving a new SEICR model [22]. Moreover, acknowledging the
influences of intercity migration and testing capacity of each
region, we propose here a new augmented SEICR model, in
which any individual would assume one of six states at any
time, i.e., susceptible (S), exposed (E), unconfirmed infections
(Iu ), confirmed (C), confirmed recovered/removed (Rc ), and
unconfirmed recovered/removed (Ru ). We also assume no reinfection occurs to the recovered patients. For region j at time
t, the number of individuals in each state is denoted by Sj (t),
Ej (t), Ij,u (t), Cj (t), Rj,c (t) and Rj,u (t). The state transitions
in this model are illustrated in Fig. 3. The cumulative number of
confirmed cases is C(t) + Rc (t), and the cumulative number of
unconfirmed cases is Iu (t) + Ru (t).
1) Intercity Migration: Suppose region j has a population
Pj (t). Let mij (t) represent the number of people moving from

ΔSjin (t) =

N
i=1

Si (t)mij (t)
.
Pi (t)

(3)

Also, if the number of individuals migrating out of region j

is N
i=1 mji (t), the number of susceptible individuals moving
out of region j is
N
mji (t)
out
.
(4)
ΔSj (t) = Sj (t) i=1
Pj (t)
Similarly, groups of exposed and unconfirmed individuals
follow the same migration rules. In addition, all confirmed
individuals are assumed to stay in region j, i.e., confirmed cases
are isolated.
2) Testing Capacity: In most countries, COVID-19 tests are
provided mainly for individuals who have developed symptoms
or have been in close contact with infected individuals [32],
[33]. As the testing capacity is limited, only a portion of the
unconfirmed cases will be confirmed within a short period of
time. Let λj (NT,j (t)) denote the confirmed rate of infected
individuals in region j, which is a function of NT,j (t) (the
number of tests performed on day t in region j). Let δCj (t)
represent the number of newly confirmed cases on day t (note
that δCj (t) = Cj (t + 1) − Cj (t)). Suppose, on day t, the number of active unconfirmed cases is Iu (t). Obviously, larger Iu (t)
means higher probability of confirming a patient as infected
by performing a test. Hence, in region j, the number of active
unconfirmed cases Iu,j (t) is proportional to δCj (t). Furthermore, a larger NT,j (t) means that a larger group of individuals
with symptoms will be tested, resulting in more patients to be
identified. Thus, we have, for region j,
δCj (t) = Iu,j (t)λj (NT,j (t)),

(5)

where λj (NT,j (t)) is a monotonic increasing function which
may be conveniently approximated by a simple linear relationship, i.e.,
λj (NT,j (t)) ≈ λ0,j + kλ NT,j (t),

(6)

with λ0,j and kλ,j being constant parameters for region j. Note
that the number of newly confirmed cases must not exceed
the number of active unconfirmed cases, i.e., λj (NT,j (t)) ≤ 1.
Hence, there exists an upper threshold NT,thr of testing capacity
which guarantees all of the unconfirmed cases be identified
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Fig. 4. Illustrative examples of epidemic spreading in a contact network without intervention (left), where a COVID-19 patient can freely contact
with k(c) = 5 individuals; and with intervention (right) such as quarantine and social distancing, where a COVID-19 patient can hardly contact with
others. In the latter case, most of the transmission paths are disconnected and only k(c) = 1 could be infected.

(confirmed). We may therefore write the rate of confirmation
as
λ0,j + kλ,j NT,j (t), if NT,j (t) ≤ NT,thr
1,
otherwise
(7)
where NT,thr = (1 − λj,0 )/kj,λ . Then, the number of newly
confirmed COVID-19 patients in region j on day t is
λj (NT,j (t)) =

Ij,u (t)(λj,0 + kj,λ NT,j (t)), if NT (t) ≤ NT,thr
δCj (t) =
Ij,u (t),
otherwise
(8)
3) Active Intervention: The role of active intervention is to
limit or remove the contact paths connecting an infected individual with the group of susceptible individuals whom the
infected individual may be in close contact with. The aim of
implementing active intervention is thus to lower the number of
effective contact paths, which can be represented quantitatively
by k (c) . An illustration is given in Fig. 4, where active intervention reduces k (c) from 5 to 1. It can be readily conceived that
when more people are infected, the number of effective contact
paths would increase, and so would the size of the susceptible
group. In quantitative terms, the number of eventually infected
individuals should increase for each additional infected or exposed individual at time t. This is equivalent to adding an extra
term to ΔSi (t) and ΔNjs (t) in the model. This extra intervention
term, dependent upon k (c) , can be derived as follows.
Suppose, in region j, the average number of close contacts
(c)
kj of each COVID-19 patient is highly influenced by the
containment strategy implemented by the authority. We assume
that each confirmed case will be isolated and cease to infect
others. Thus, the intervention term should take the following
form:
(c)

kj (ΔIu,j (t) + ΔEj (t))
(c)
kj

(9)

corresponds quantitatively to an increase in the
where
number of eventual infected individuals for each additional
infected or exposed individual in region j. Note that if strict
(c)
control measures are adopted, kj (t) will become very small,
implying that most contact paths have been disconnected and

any newly infected or exposed individual would unlikely infect
(c)
others. Thus, by setting kj (t), the effect of active intervention
can be incorporated in the model.
4) Augmented SEICR Model: Incorporating the intercity migration, testing capacity and active intervention terms, the final
form of the augmented SEICR model is given as follows:
ΔSj (t) = −

βj
αj
Ij,u (t)Sj (t) − s Ej (t)Sj (t)
Njs (t)
Nj (t)
N

Si (t)mij (t)
Pi (t)

+
i=1

− Sj (t)

N

mji (t)
(c)
− kj (ΔIj,u (t) + ΔEj (t))
Pj (t)

i=1

(u)

ΔIj,u (t) = (1 − λj (NT,j (t)) − γj )Ij,u (t) + κEi (t)
N

Iu,i (t)mij (t)
Pi (t)
i=1

N
m
(t)
ji
−Ij,u (t) i=1
Pj (t)

+ kI

ΔEj (t) =

βj Ij,u (t) + ρj Cj (t)
αj Ej (t)
Sj (t) +
Sj (t)
s
Nj (t)
Njs (t)
N

− κEi (t) +
i=1

− Ej (t)

Ei (t)mij (t)
Pi (t)

(10)

N

mji (t)
Pj (t)

i=1

(c)

ΔCj (t) = λj (NT,j (t))Ij,u (t) − γj Cj (t)
(u)

ΔRj,u (t) = γj Ij,u (t)
(c)

ΔRj,c (t) = γj Cj (t)
N

ΔPj (t) =

N

mij (t) −
i=1

mji (t)
i=1
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TABLE III
PARAMETERS OF THE NEW AUGMENTED SEICR MODEL

N

Ii (t)mij (t)
Pi (t)
i=1


Ij,u (t) N
i=1 mji (t)
−
Pj (t)
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we can assume that αj is constant for region j. Similarly,
(u)
(Q)
{βj , ρj , γj , γj } can be assumed constant.
r κ represents
the rate of an exposed individual transiting
into an infected individual. This transition rate is a natural property of COVID-19, which can be considered as
a constant rate irrespective of local factors and control
measures.
r kI represents the possibility of an unconfirmed infected
individual moving from one region to another. It can be
assumed constant when migration control is in place.
r k(c) represents the effectiveness of the implemented active
j
intervention. Specifically, kjc < 1 corresponds to effective
control measures being applied and the spread is being
slowed down, whereas kjc > 1 corresponds to less effective
control and the spread of the disease being severe. For
(c)
each additional infected individual, there will be kj more
eventual infected individuals.
Remarks: The model proposed here highlights the crucial role
test capacities play in the progression of the pandemic. The
augmented SEICR model differs from most existing models
(standard SEIR model and its variants) [34]–[37] in its ability
to identify unconfirmed infected cases. The parameter identification, as will be explained in the next subsection, will involve
testing data and hence differs significantly from those used for
most existing models. Results generated from our model will
reflect the influence of test capacities, which is not provided in
other models.

ΔNjs (t) = kI (t)

N

+
i=1
N

+
i=1

Ei (t)mij (t)
Pi (t)
Si (t)mij (t)
Pi (t)

−

−

B. Parameter Identification

Ej (t)

N
i=1

The model represented by (10) has a large number of unknown
parameters to be estimated from historical data through fitting.
Specifically, for region j, the set of unknown parameters are
mji (t)

Pj (t)
Sj (t)

N

i=1 mji (t)
Pj (t)

(c)

+ kj (ΔIj,u (t) + ΔEj (t))
where ΔIj,u (t) = Ij,u (t + 1) − Ij,u (t), ΔEj (t) = Ej (t +
1) − Ej (t), ΔSj (t) = Sj (t + 1) − Sj (t), ΔCj (t) = Cj (t +
1) − Cj (t), ΔRj,u (t) = Rj,u (t + 1) − Rj,u (t), ΔRj,c (t) =
Rj,c (t + 1) − Rj,c (t), ΔNjs (t) = Njs (t + 1) − Njs (t), and
ΔPj (t) = Pj (t + 1) − Pj (t). The physical meanings of all
parameters are given in Table III. In particular, the following
parameters, which play special epidemiological or control roles,
are worthnoting:
r αj represents the rate of infecting a susceptible individual
by an exposed individual in region j. Note that the infection rate is influenced by local factors and control measures, such as lockdown, social distancing, contact tracing
and quarantine. Hence, α actually varies from region to
region and is time-varying. However, in a short period of
time, control measures may not change dramatically. Thus,

(u)

(Q)

θj = {αj , βj , ρj , λj,0 , kj,λ , γj , γj

(c)

, kj }.

(11)

The procedure for parameter estimation involves minimizing the distance between generated growth trajectories and
corresponding historical trajectories. The parameter estimation
problem can be formulated as an optimization problem. The
initial values of susceptible, exposed and unconfirmed cases
are unknown and to be estimated, while the initial numbers of
confirmed and removed cases are equal to the official initial
numbers. Here, we define the initial number of susceptible,
exposed, infected, and confirmed individuals in region j as
Xj,0 = {Sj,0 , Ej,0 , Ij,u,0 }.

(12)

Note that Nj (t0 ) = Sj,0 + Ej,0 + Ij,u,0 + Cj,0 + Rj,c,0 +
Rj,u,0 and δj = Nj (t0 )/Pj (t0 ). Then, δj would not be a parameter to be estimated. Hence, the unknown parameter set
is Θ = {X1,0 , X2,0 , . . . , XN,0 , θ1 , θ2 , . . . , θN , κ, kI }. The total
number of parameters is thus 11N + 2, where N is the number
of regions.
The SEICR model has a set of extended state variables, i.e.,
T
T
(t), Cj (t), Rj,c
(t),
Xj (t) = [SjT (t), EjT (t), Ij,u
T
(t), PjT (t), (Njs (t))T ]T .
Rj,u

(13)
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Algorithm 1: Algorithm for Calculating Time Series Cj (ti )
and Rj,c (ti ).
Input: Parameter set and initial number of infected and
exposed individuals of each region
Θ = {X1,0 , X2,0 , · · · , XN,0 , θ1 , θ2 , · · · , θN , κ, kI }, where
θj and Xj,0 are defined in equations (11) and (12).
Output: Time series {Cj (t0 ), Cj (t1 ), · · · , Cj (tK )} and
{Rj,c (t0 ), Rj,c (t1 ), · · · , Rj,c (tK )}.
Initialization:
Set Sj (t0 ) = Sj,0 , Ej (t0 ) = Ej,0 , and Ij,u (t0 ) = Ij,u,0 ,
while Rj (t0 ) and Cj (t0 ) equal the official initial numbers;
Nj (t0 ) = Sj,0 + Ej,0 +Ij,u,0 +Cj,0 + Rj,0 ; X(t0 )
T
(t0 )]T and Xj (t0 ) =
= [X1T (t0 ), X2T (t0 ), · · · , XK
T
T
[Sj (t0 ), Ej (t0 ),
T
T
T
Ij,u
(t0 ), Rj,u
(t0 ), Rj,c
(t0 ), PjT (t0 ), (Njs (t0 ))T ]T .
LOOP Process:
for (i = 0 to N − 1) do
Calculate X(ti + 1) from model (10), namely,
Xj (ti + 1) = Xj (ti ) + f (Xj (ti ), X(t), Θ).
Since Cj (ti ), Rj,c ∈ Xj (ti ) and Xj (ti ) ∈ X(ti ),
find Cj (ti ) and Rj,c from X(ti ).
end for
return {Cj (t0 ), Cj (t1 ), · · · , Cj (tN )} and
{Rj,c (t0 ), Rj,c (t1 ), · · · , Rj,c (tN )}
Overall, for a total of N regions, we have
T
X(t) = [X1T (t) X2T (t) · · · XN
(t)]T .

(14)

Algorithm 2: Psuedo-Coevolutionary Algorithm for Estimating the Parameter Set Θ∗ .
Input: The set of unknown parameters and initial number of
infected and exposed individuals of each region
Θ = {X1,0 , X2,0 , · · · , XN,0 , θ1 , θ2 , · · · , θN , κ, kI }, where
(u)
(c) (c)
θj = {αj , βj , ρj , λj,0 , kj,λ , γj , γj , kj } and
j = 1, 2, · · · N .
Output: Optimal parameter set Θ∗ .
Initialization:
Initialize temperature T , and take a random starting point.
Θ0 = ΘL + krand ∗ (ΘU − ΘL )
The index of adopted region is Φ = 1, 2, · · · , K.
Apply evolutionary algorithm to optimize parameter set to
achieve Θ̄∗ , i.e., Θ0 ← Θ̄∗
LOOP Process:
for i = 0 to M do
for j = 1 to N do
Set the model parameter as Θ0 and apply
Algorithm 1 to derive
{Ĉ(t0 |Θ0 ), Ĉ(t1 |Θ0 ), · · · , Ĉ(tK |Θ0 )}.
Using evaluation criterion (18) to find RMSPEj for
each region.
end for
Find the index of the m largest RMSPEj and set
Φ = {a1 , a2 , · · · , am },
where ai represents the index of the ith largest RMSPEj .
Apply evolutionary algorithm to optimize parameter set
to achieve Θ̄∗ , i.e., Θ0 ← Θ̄∗ .
return Optimal parameter set Θ∗ .

Model (10) can be written as
ΔXj (ti ) = f (Xj (ti ), X(ti ), Θ),

(15)

where f (x) is the right side of (10), and Θ is the set of unknown
parameters. Writing ΔXj (t) = X(ti + 1) − X(ti ), we have the
following model in discrete-time form:
Xj (ti + 1) = Xj (ti ) + f (Xj (ti ), X(t), Θ).

(16)

Then, the parameter estimation problem can be formulated
as the following constrained nonlinear optimization problem
(CNOP) [38]:

2
N 
K

(c)
wij Cj (ti ) − Ĉj (ti |Θ )
P0 : min
Θ j=1 i=1

2
(r)
+ wij Rj,c (ti ) − R̂j,c (ti |Θ )
⎧
⎨ (i) Xj (ti + 1) = Xj (ti ) + f (Xj (ti ), X(ti ), Θ)
s.t. (ii) ΘL ≤ Θ ≤ ΘU
⎩
(iii) j = 1, 2, · · · , K
(17)
where Ĉj (ti |Θ) and R̂j,c (ti |Θ) represent the estimated number
of confirmed cases and confirmed removed cases at time ti with
(c)
(u)
parameter set Θ and initial condition X0 ; wij and wij stand
for the weighted coefficients, which are constant. The unknown
parameter set is bounded between ΘL and ΘU . In this work, an

inverse approach is taken to find the unknown parameters and
states by solving (17). Moreover, the values of the confirmed
and recovered cases can be derived directly from the available
data, as outlined in Algorithm 1.
With 11N + 2 parameters to be found, the optimization procedure associated with parameter estimation is computationally
intensive. In addition, the search space in the optimization
procedure may be highly nonlinear and may contain many local
minima. Evolutionary algorithms have been extensively used
in solving such nonlinear optimization problems [39], [40]. In
this work, a new pseudo-coevolutionary algorithm is adopted to
solve this problem, as outlined in Algorithm 2. Specifically, the
procedure involves two co-adaptive simulated-annealing-based
optimization processes:
1) In the main procedure, we tune all the 11N + 2 parameters. Then, the Root Mean Square Percentage Error
(RMSPEj ) is utilized to measure the difference between
the real values of confirmed cases and the estimated values
generated by the model with an optimal parameter set Θ,
i.e.,

2

1 N
Ĉ
(t
|Θ
)
−
C
(t
)
j
i
j
i
. (18)
RMSPEj = 
N i=1
Cj (ti )

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on September 07,2021 at 05:55:41 UTC from IEEE Xplore. Restrictions apply.

ZHAN et al.: COMPARATIVE STUDY OF COVID-19 PANDEMIC PROGRESSIONS IN 175 REGIONS

2843

TABLE IV
ESTIMATED NUMBER OF TOTAL AND UNCONFIRMED CASES BASED ON DATA COLLECTED UNTIL JUNE 17, 2020.

2) In the sub-procedure, we identify the regions (values of
j) corresponding to the m largest RMSPEj , and tune the
parameters for these regions.
It is worth noting that the model, in the form of a set of
differential equations, is expected to generate solutions that are
the progression profiles. Here, we actually used real data as
the solutions to be matched by the model, and the numerical
optimization procedure adopted will guarantee that the model
does give a solution which resembles the real data when all
parameter values are correctly found. Thus, when we get the
candidate parameters, it is automatically guaranteed that the
parameter values can indeed produce the same data within a
small tolerance. In other words, our approach is founded on
a rigorous data fitting procedure that generates the parameter
values, and we did not “estimate” the parameter values based on
some vague rationale or heuristic method.
IV. RESULTS
A. Estimated Number of Unconfirmed Cases
The pandemic progression profiles of 175 regions in the seven
selected countries were examined. Data fitting of the model
described by (10) was performed using historical daily data
of confirmed and recovered cases up to June 17, 2020. For
each country, we applied the parameter identification procedures
repeatedly to identify 100 suitable candidate sets of parameters
that satisfied the fitting criteria. For each set of parameters, we
also performed a separate simulation run to generate propagation
trajectories.
Fig. 5 shows the mean estimated cumulative number of
infected cases generated by the sets of suitable candidate parameters and official number of infected cases for 7 selected
regions, which were epicenters in the seven countries before
June 17, 2020, including New South Wales (Australia), Quebec
(Canada), Lombardy (Italy), Kanagawa-ken (Japan), Catalonia
(Spain), and England (UK), and New York (USA).
Based on the data up to June 17, 2020, our model estimated
that about 78.75% (Australia), 71.24% (Canada), 75.36% (Italy),
81.48% (Japan), 42.64% (Spain), 85.17% (UK) and 75.19%
(USA) of COVID-19 patients were not identified or confirmed.
In other words, the ratio of unconfirmed cases to confirmed cases
are 3.7078 (Australia), 2.4775 (Canada), 3.0597 (Italy), 4.3997
(Japan), 0.7433 (Spain) and 5.7441 (UK) and 3.0320 (USA).

In applying the parameter identification procedure, we identify
100 suitable candidate sets of parameters that satisfied the fitting
criteria, and for each set of parameters, we performed a separate
simulation run to generate propagation trajectories and estimated
the total number of COVID-19 patients with the 95% confidence
interval, as detailed in Table IV for each country. The number of
confirmed and unconfirmed cases, and the total number of cases
are presented in Fig. 5(h). Moreover, the percentage of population infected in the seven countries is graphically presented in
Fig. 5(i). Results showed that the USA had the highest number
of actual infected cases (7,406,623 cases) which was four-fold
as many as the confirmed number, accounting for 2.2567% of its
population. In terms of active intervention, all seven countries
(c)
have an estimated kj of less than 1, based on data collected
until June 17, 2020. This suggested that reasonable efforts
had been made by these countries in controlling the spread of
COVID-19 before June 17, 2020. To illustrate the small variation
of parameters found using our parameter estimation method,
Fig. 6(a) shows the statistics of αj , βj for selected regions, and
(c)
6(b) shows the statistics of kj for the seven countries under
study.
The mean estimated ratio of unconfirmed to confirmed cases
is 3.3092 for the seven selected countries under study. As of
July 26, 2020, the worldwide confirmed number of cases has
reached 16 million, and using this same ratio, it can be estimated that 69 million (16 × 4.309) people would have actually been infected. Furthermore, for comparison purposes,
we estimated the mortality rates for 163 countries and the
distribution is shown in Fig. 6(c), with the mean mortality
rate being 3.49% (CI, [2.84, 4.15]%). The estimated death toll
would thus be 1.8543 million (c.f. the official death toll of
654,327).
B. Enhancing Testing Capacity
To assess the effect of enhancing testing capacity, we re-ran
the simulation with a 10-fold increase in the testing capacity
for each country since February 1, 2020, while keeping other
parameters unchanged. Fig. 7 shows a drastic reduction in the
number of unidentified cases as well as the total number of cases.
Specifically, our model estimated 64.62% (Australia), 24.82%
(Canada), 35.07% (Italy), 44.27% (Japan), 35.39% (Spain),
53.66% (UK) and 39.90% (USA) of COVID-19 patients being
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Fig. 5. (a)–(g) Official and estimated numbers of confirmed and unconfirmed (or unidentified) infected individuals in 7 selected regions. The
squares are official number of cumulative infected cases, and the red solid curve is the mean estimated infected cases generated by the model. The
dash curve is the estimated number of unconfirmed cases with 95% confidence interval. (h) Confirmed, unconfirmed and total cases; (i) estimated
percentage of population infected until June 17, 2020.

(c)

Fig. 6. (a) Mean value and 95% confidence interval of αj and βj of selected regions; (b) mean value and 95% confidence interval of kj
countries; (c) distribution of mortality rates of 163 countries.
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Fig. 7. Effect of 10-fold increase in testing capacity from February 1, 2020. (a)–(g) Official and estimated numbers of confirmed and unconfirmed
(or unidentified) infected individuals in 7 selected regions. The squares are official number of cumulative infected cases, and the red solid curve
is the mean estimated infected cases generated by the model. The dash curve is the estimated number of unconfirmed cases. (h) Confirmed,
unconfirmed and total cases; (i) estimated percentage of population infected until June 17, 2020.

TABLE V
ESTIMATED NUMBER OF TOTAL AND UNCONFIRMED CASES WITH 10-FOLD INCREASE IN TESTING CAPACITY BASED ON
DATA COLLECTED UNTIL JUNE 15, 2020

unidentified or unconfirmed. This translates to much reduced
ratios of unconfirmed to confirmed cases as well as the total
number of infected cases, as given in Table V. The number of
confirmed, unconfirmed, and total cases in the seven countries,
with a 10-fold increase in testing capacity, are shown in Fig. 7(h),
and the corresponding percentages of population infected are
shown in Fig. 7(i). The total number of infected cases would
reduce by 4.65% (Australia), 58.63% (Canada), 37.51% (Italy),

52.81% (Japan), 10.88% (Spain), 52.15% (UK) and 57.03%
(USA), and the overall percentage of population infected would
reduce to less than 1%.

V. DISCUSSIONS
Our results have highlighted an alarming number of unidentified COVID-19 patients who have been allowed to move
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freely and interact with the susceptible population. The current
official or confirmed figures of infected cases represent only
23% of the actual figures (1/(3.309+1)). Authorities could have
easily underestimated the scope of the outbreak, and the public
could have been ill-informed of the risk of getting infected as
official information had omitted the existence of 77% of the
transmission chains. Moreover, the countries under study are
all developed countries with high testing capacity and advanced
medical technology. We can thus reasonably expect that other
countries would have an even higher ratio of unconfirmed to
confirmed cases. As of July 26, 2020, the official number of
infected cases was 16 million, and we may reasonably project
that more than 69 million people would have actually been
infected.
Our study also showed that the level of active intervention
applied in the seven developed countries, as reflected by pa(c)
rameter kj , were generally satisfactory up to mid June, 2020.
The situation, however, could quickly deteriorate as the transmissibility of the disease remains high due to the high ratio
of unidentified patients who are actively infecting others in the
community.
Our study has pinpointed the importance of increasing the
testing capacity, and our results showed that a drastic 10-fold
increase in testing capacity since February 2020 could have
brought the total number of infected cases down by about 50%,
which means over 300,000 lives could have been saved. Besides,
with a drastically reduced number of unidentified cases, authorities would get hold of more accurate and realistic information
regarding the progression of the pandemic, and hence would
be able to formulate and implement effective health responses.
In the absence of effective vaccination, mass testing is thus
the available practical option for all governments to consider
adopting in order to contain the spread of COVID-19 as soon as
possible.
VI. CONCLUSION
The main challenge in the modeling and prediction of
COVID-19 pandemic progression has been the large number of
factors that need to be considered in order to achieve the needed
accuracy. Mobility of people, information latency (missing and
delayed reporting), country or region specific transmission characteristics, and varying levels of intervention are important factors that affect the rapidity and extent of the spread of the virus.
In this work, we propose a new model that takes these factors
into consideration. The model considers multiple regions with
different sets of parameters (characteristics) in one system, incorporates intercity travel data, distinguishes unconfirmed cases
from the official data, allows active intervention to be included
as a control parameter, as well as takes into account the effect of
testing capacity. The model inevitably has a large parameter set,
and requires advanced computational techniques for parameter
estimation. In this work, we adopted an evolutionary algorithm
to perform parameter extraction, which then permits prediction
of future progression profiles. The model and the computational
method have been applied to study the spread of COVID-19
pandemic in 175 states or regions in Australia, Canada, Italy,

Japan, Spain, the UK and USA. Our results showed that the actual number of infected individuals was 3.309 times (average) as
many as the official confirmed figures, with the USA having the
highest number of unidentified patients. The actual total number
of infected cases could have approached 70 million. Our study
has also focused on the impact of increasing the testing capacity,
and we showed that the scope of the COVID-19 outbreak would
have been halved, had governments provided 10 times more tests
since February 2020. As the pandemic continues to progress, a
tracking system based on the model and results of this study may
be developed for facilitating healthcare professionals to assess
the scope of the pandemic and to formulate effective and timely
measures to control its progression.
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