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Abstract: Coronavirus disease 2019 (COVID-19) has been causing negative impacts on various sectors
in Sri Lanka, as a result of the public health interventions that the government had to implement in
order to reduce the spread of the disease. Equivalent work carried out in this context is outdated
and close to ideal models. This paper presents a mathematical epidemiological model, called
SEQIJRDS, having additional compartments for quarantine and infected people divided into two
compartments as diagnosed and non diagnosed, compared to the SEIR model. We have presented
the rate equations for the model and the basic reproduction number is derived. This model considers
the effect of vaccination, the viral load of the variants, mask use, mobility, contact tracing and
quarantine, natural immunity development of the infected people, and immunity waning of the
recovered group as key developments of the model. The model has been validated for the COVID-19
pandemic in Sri Lanka by parameter derivation using mathematical formulations with the help of
the existing data, the literature, and by model fitting for historical data. We present a comparison of
the model projections for hospitalized infected people, the cumulative death count, and the daily
death count against the ground truth values and projections of the SEIR and SIR models during
the model validation. The validation results show that the proposed SEQIJRDS model’s 12-week
projection performance is significantly better than both the SEIR and SIR models; the 2-, 6-, 8-, and
10-week projection performance is always better, and the 4-week projection performance is only
slightly inferior to other models. Using the proposed SEQIJRDS model, we project mortality under
different lockdown procedures, vaccination procedures, quarantine practices, and different mask-use
cases. We further project hospital resource usage to understand the best intervention that does
not exhaust hospital resources. At the end, based on an understanding of the effect of individual
interventions, this work recommends combined public health interventions based on the projections
of the proposed model. Specifically, three recommendations—called minimum, sub-optimum, and
optimum recommendations—are provided for public health interventions.
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1. Introduction
1.1. Background

COVID–19 has become the global predator of the whole world since 2019. The origin
of this evil virus is China, and it is believed that the SARS-CoV-2 virus crossed from a bat
to a Pangolin and finally to a human [1]. With its rapid spread, Sri Lanka has also become a
victim of COVID–19, and these days, the country faces the dreadful third wave—which
is partly due to the Alpha and Delta variants of the virus. In the literature from China, it
was found that only 20% of patients have developed the disease to a critical stage requiring
ICU care, while the others had less severe or mild symptoms [2]. According to [3], it is said
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that 25% of the infections are asymptomatic on average. So, the actual number of infected
persons is not exactly the same as the number of reported cases per day [2]. Therefore, it is
obvious that there are a lot of people who act as carriers of the disease.

The first coronavirus patient who was a foreigner was found on 27 January 2020 [4].
The first ever locally infected person was found on 11 March 2020 [5], and cases increased
rapidly thereafter. The COVID-19 pandemic impacted Sri Lanka, as is the case in many
other countries. An island-wide curfew was implemented from mid-March to June 2020 by
the government [6–9]. Only 3380 cases and 13 deaths had been reported by 30 September
2020 [4]. Then again, the country had to face the second wave of COVID-19, and cases again
increased rapidly thereafter. That time, it was reported in large clusters: at a garment export
factory [10] and in the largest fish market in Colombo. That is, the second wave impacted
Sri Lanka more than the first wave. However, the government could manage this with
necessary steps. However, in 2021, after the Sinhala and Tamil New Year, again, COVID-19
cases began to increase. Sri Lanka is reporting more than about 4000 cases per day at present
(August 2021) [4]. Hospitals have enhanced capabilities, back-up plans, and emergency-
preparedness procedures. New hospitals for COVID-19 patients are being built by the
government. However, the system has its limitations, specially in the number of intensive
care units (ICUs) [11]. If the government cannot control the spread of infections, it will be
difficult to reduce the deaths which will occur as a result of the infections. The potential
impact from COVID-19 on Sri Lanka is unlike that which any other country has faced,
and the economy faced a recession in 2020 due to many sectors being at a standstill [12].
When making public health interventions and preparing policies, a compromise has to be
made between the economy and public health, as the economic impacts due to COVID-19
preventative measures can drastically effect the economy in South Asia, of which Sri Lanka
is a member [13].

1.2. Motivation

The important fact to notice here is that COVID-19 is still spreading in South Asian
regions, and most of the work published is from 2020. There is no research describing the
spreading factors and impact of COVID-19 individually for each of the seven South-Asian
countries or for the entirety of the South-Asian region. Ref. [14] provides a review of the
COVID-19 disease. It presents the number of patients infected and the deaths in each
country by early 2020 only. In other words, the review has a narrow scope, as is evident
in [15], which reviews the pathophysiology of the disease. In [16], the authors review
modern technologies for tracking COVID-19. A review of COVID-19 that is more biased to
clinical aspects (diagnosis, treatment, and prevention) is presented in [17,18]. Some reviews
also discuss the clinical risk factors for COVID-19 [19,20]. Further, all of these reviews refer
to COVID-19 as a global aspect. There is ample research on COVID-19 which discusses the
Sri Lankan aspect, since what is found in global aspect can deviate based on the factors
existing locally.

Ref. [21] presents a review of the intervention methods for COVID-19. However,
it can be argued that the work is outdated, as it had been conducted in first quarter
of 2020 when vaccines were in the research stage. An in-depth analysis of the clinical
interventions for COVID-19, including vaccination, is presented in [22]; however, there is
no research determining the long-term impacts of such clinical interventions on the large
scale (regionally or globally). A recent review paper provides a comprehensive review of
the prediction models and the impact of public health interventions [23]. Research which
shows the effectiveness of non-pharmaceutical interventions for COVID-19 is presented
in [24], but these intervention methods have been studied for a short period of time only.

Mahesh et al., in [25], mathematically model and evaluate the numerous non-
pharmaceutical interventions of Sri Lanka for a limited time period of 8 months. Similar
work, which mathematically models the spread of the virus using a Susceptible–Exposed–
Infectious–Recovered (SEIR) model [26,27] considers the spread of the disease in the first
6 months only [28]. However, such work does not take into account some factors, such as
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the COVID-19 variants or immunization due to vaccination, which has taken place recently.
The time period considered in this paper is more than two years. Further, Wijesekara
et al., in [29], used a COVID-19 hospital impact model to predict the number of expected
infections for the navy cluster of COVID-19 in Sri Lanka.

However, a cross-country study of the initial growth rate of COVID-19, impacted by
spreading factors such as non-pharmaceutical interventions, demography, society, and
climate, has been performed in [30]. The paper in [31] discusses the effectiveness of different
lockdown policies globally and derives the mobility changes based on them. This paper also
models lockdowns and tests their effectiveness using average mobility data for Sri Lanka.

It has been found that social distancing measures have reduced the growth rate of
COVID-19, and that there can be a potential danger of the exponential spread of the disease
in the absence of interventions [32]. The research in [33] shows that the true epidemic
growth rate can be different than the reported epidemic growth rate, due to the limited
diagnostic testing capacity. By identifying a lead–lag effect between the confirmed cases
in different countries for the first three months in 2020, the work in [34] attempts to
forecast future COVID-19 cases using a time series forecasting method. A systematic review
conducted on epidemiological models shows that the basic reproduction number for the
COVID-19 outbreak can take a value between 1.9 and 6.5. This range has been found by
comparing the basic reproduction number estimate for diverse epidemiological models,
such as the exponential growth model, SEIR model, SEIJR model, SIR model, hierarchical
model, etc. [35]. Since the SARS-COV-2 virus originated in bats and transferred to humans,
the work in [36] shows that there is less of a barrier to the transfer of the virus to cats and
farm animals by adaptive evolution of the virus. The viewpoint expressed in paper [23]
shows the requirement for the availability of accurate data for epidemiological modeling,
as all epidemiological models rely heavily on historical data for accurate predictions of
the future. Another group of researchers investigated a new model known by the SITR
model using a data assimilation approach, which is an extension of the well-known SIR
model [37]. A group of researchers, by doing a case study in Isfahan, have shown that
classical epidemiological models such as SIR are accurate in short-term projections, but
fail to project accurately in the long term [38]. An age-structured extension of the SIR
model, considering hospitalized infected people, has been used to make projections about
COVID-19 for different non-pharmaceutical interventions in the countries of the United
States of America, the United Arab Emirates, and Algeria [39]. A method of the least
squares and best fit curve to minimize the sum of squared residuals is proposed in the
research conducted by [40] to estimate the basic reproduction number for the COVID-19
pandemic in Algeria. A similar study attempts to obtain different values for the basic
reproduction number corresponding to public health measures taken by the government
and estimates the number of asymptomatic infected people [41].

1.3. Problem Statement

Since some public health interventions related to COVID-19 can drastically affect
various sectors such as the economy, there must be an accurate model which can project
the mortality rates and number of infected people and make decisions based on those
projections. As reviewed, many similar existing solutions have either projected a year ago
or have used simpler models such as SIR or SEIR. These models have a low projection
accuracy in the long term, as proved in the validation section of the proposed model. So,
there is a requirement for a mathematical epidemiological model which can provide correct
projections over the long term since public health interventions are decided based on the
long-term effects of the disease.

1.4. Objectives

• To propose a mathematical epidemiological model for accurate projections of the mortality;
• To provide recommendations for public health interventions by discussing the impacts

of the projected results under different intervention strategies.
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1.5. Contributions to the Existing Literature

• Deviating from the ideal assumption of SEIR models, that recovering people have
100% immunity to the virus, we model natural immunity development of the infected
population as a probability;

• We model the immunity-waning effect of the recovered group having 100% immunity
to the virus;

• We model vaccination in the epidemiology model to represent the immunity develop-
ment of the people against the virus due to vaccination;

• Infection capabilities across different variants of the virus are modeled, as with the
propagation of time, new variants emergence during a pandemic; the epidemiological
model must consider the infection capability of the variant;

• We model the transmission probability as a function of mobility and exposure-
preventative measures, such that the proposed epidemiology model incorporates
human behavior related to contact with the virus.

1.6. Choice of Sri Lanka for COVID-19 Projections

One of the reasons to select Sri Lanka for COVID-19 projections is because the country
reports COVID-19 infected people, dead people, and recovered people accurately through
the its epidemiological unit [4]. As reviewed in the Section 1.2, research works which have
made COVID-19 projections for Sri Lanka are close to ideal models, and the time period
that has been considered is less than 1 year. Therefore, Sri Lanka has the requirement
of an accurate non-ideal epidemiological model to accurately project COVID-19 trends
over the long term. We simulate the proposed model for Sri Lanka, which considers the
effect of vaccination, the viral load of the variants, mask use, mobility, contact tracing and
quarantine, the natural immunity development of infected people, and the waning effect of
immunity. Sri Lanka is a country in which these factors are already in effect, so the proposed
model can be simulated to study the effect of those factors for the COVID-19 pandemic in
Sri Lanka. Due to consideration of the previously mentioned factors, the proposed model
will guarantee accurate projections over the long and short terms, as is also proved by the
model validation in Section 3.2. Further, the time period considered in this research for
the model simulation for Sri Lanka is nearly two years. At the moment, Sri Lanka is in the
middle of a collapse in most sectors of the country. People have been suffering from this
pandemic for nearly two years. Therefore, this research is also an attempt to recommend
potential interventions to prevent COVID-19 deaths that will occur in coming months in
Sri Lanka. Sri Lanka is a country that already uses multiple public health interventions
to reduce the spread of COVID-19, such as lockdowns, quarantining, vaccination, and
mask use. Therefore, by choosing Sri Lanka for the COVID-19 pandemic simulation, the
effectiveness of the public health interventions can be tested using the projections of the
proposed epidemiological model.

2. Materials and Methods
2.1. Eligibility Criteria

Any acceptable COVID-19 data source related to Sri Lanka from 27 January 2020 to 31
August 2021 was selected.

2.2. Data Collection Process
2.2.1. Collection Methods

The data was collected into a Microsoft Excel spreadsheet file. No automation tool
was used for importing the data into the Excel sheet. Raw data from the reports were
manually inserted.
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2.2.2. Data Items

Assumptions and estimations have been made regarding missing/erroneous/unclear
information. In cases which there were such data, the assumptions or estimations have
been stated at the spot of analysis or description.

2.2.3. Study Risk of Bias Assessment

We minimize the bias that occurs from data of different sample sizes collected from dif-
ferent sources for analysis as a data preprocessing procedure. For example, we model the pa-
rameter mobility (µ) as a normalized parameter in our design, which will be explained later.

2.3. Effect Measures

Where appropriate, we use the standardized mean difference (SMD) as an effect
measure in order to understand the effect of the difference between 2 variables over long
time. Equation (1) is used to compute the standardized mean difference [42].

Standardized Mean Di f f erence =
M1 − M2

SDpooled
(1)

In Equation (1), M1 and M2 are the mean values of each of the variables, and SDpooled
is the pooled standard deviation between the two variables. The computed value of the
SMD is used to decide on the effect measurement, as given in Table 1 [42].

Table 1. Table of standard mean difference effect measurements.

SMD Effect

SMD ≤ 0.2 Very low

0.2 < SMD ≤ 0.5 Small

0.5 < SMD ≤ 0.8 Medium

SMD > 0.8 Large

2.4. Absolute Error Measurement

We use the mean absolute percent error (MAPE) in order to validate the proposed
SEQIJRDS model’s projection accuracy and to compare it with other epidemiological
models’ projection accuracy. The equation for the MAPE is given in Equation (2).

MAPE = 100 × 1
n
(

n

∑
1

mod (
At − Pt

At
)) (2)

where At is the absolute value of the projection Pt at time t, and n is the number of projected
values in Equation (2).

2.5. Certainty Assessment

We specify a 95% confidence limit in parameter extraction using the historical data
because we extract a summary statistic (e.g., average) of the parameter for the model
simulation on a month basis, so that the confidence interval for the statistic should be
defined in order to understand how the variable can deviate from the summary statistic
(mean) within the given month. We do not specify a confidence interval (CI) for the
projections since we consider different scenarios within the confidence limit for analysis
(either at the limits or within the limits). When we project the outcomes, we specify at
which point of the confidence interval these projections are made for; e.g., whether it is at
the extreme ends or for the average case, etc.
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2.6. Epidemiology Model

We introduce a modified model known as the susceptible, transmitted, quarantined,
non-diagnosed infected, hospitalized diagnosed infected, recovered, dead, susceptible
(SEQIJRDS) model, which is formed by using the SEIS model, SEIR model, and SEQIJR
model given in [26], and by introducing a new class known as “Dead”. We introduce the
Dead class since the rate and number of deaths are important parameters when making
decisions about health interventions, and we identify it separately without identifying it
in the "Removed" class, as in [26], which includes both dead and fully recovered patients
in the same removed class. It should be noted that we use the R class to identify the
population that is fully immunized against infection. Further, note that class I contains
infected and clinically non-diagnosed patients, while class J contains infected and clinically
diagnosed patients. These are compartment models for which the total population (N)
under consideration is divided into compartments, and there is a rate of moving from one
compartment into another. The compartments and the associated movements are given in
Figure 1.

Figure 1. A graphical illustration of the proposed susceptible (S), transmitted (E), quarantined (Q),
non-diagnosed infected (I), hospitalized diagnosed infected (J), recovered (R), dead (D), susceptible
(S) model, with entrance and exit rates for each compartment.

The model can be described as follows by referring to the compartment model shown
in Figure 1. We define a transmitted group (E) as the people who have come into direct
contact with a person who is more likely to become infected by the virus (probable infectives:
transmitted person, transmitted and quarantined person, already infected person), and
who the virus has been transmitted to from the probable infectives. It should be noted
that the transmitted group (E) does not have symptoms of the virus and is not infected
with the virus. That is because a person who has contracted the virus needs to pass an
incubation period (period between exposure to infection) in order to become infected [26].
First, a susceptible person can come into contact with the virus from multiple sources,
such as directly from the infected non-diagnosed class (I), from the hospitalized infected
group (J) due to the imperfect isolation (rate of εJ), from the quarantined population (Q)
due to the imperfect quarantine (rate of εQ), or from the transmitted population (E) itself
(rate of εE) multiplied by the transmission probability (β) and relative transmissibility (λ),
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as is evident from the pink dotted arrow line in Figure 1. A susceptible person can also
become a recovered person by the vaccination process directly, as seen from the brown
dotted line extending from S to R in Figure 1. Once transmitted, the transmitted person is
either quarantined (at a rate of γ1) or becomes a non-diagnosed infected person (at a rate of
k1), as is evident from the thick black lines in Figure 1, or enters the recovered group by
vaccination, as is evident from the dotted brown line from E to R in Figure 1. Quarantining
is the process of identifying and isolating a transmitted individual from making further
contact with society for a quarantine period (T), so as to prevent the further propagation
of the virus from the transmitted person. Quarantined members are closely examined for
the development of symptoms, and tests are conducted to check whether the quarantined
person is infected or not. At the end of the quarantine period, when a quarantined patient
is diagnosed with the virus, such a patient will directly go into class J without going to class
I (at a rate of k2), as will occur in a practical scenario, evidently from the thick henna-green
color arrow from Q to J in Figure 1. That is because quarantined people are observed for
the development of symptoms, polymerase chain reaction (PCR) tests are conducted at the
end of the quarantine period, and it is less likely that a quarantined person (Q) can become
an infected person who is not diagnosed, and ending in class I. However, in rare cases, a
quarantined patient can become infected without being diagnosed (at a rate of k3) and go to
class I, as seen from the dotted black line in Figure 1 from Q to I. The rest of the quarantined
population (Q) at the end of the quarantine period will go back to the susceptible class (S)
without becoming infected (at a rate of k4), as shown by the dotted green arrow in Figure 1
from Q to S. Here, we assume that the tests are conducted at the end of the quarantine
period only, such that all people who entered the quarantine group T days (quarantine
period) before the present day will be removed from the quarantine population either as
infected people (I or J) or as susceptible people (S). Then, a non-diagnosed patient in class
I will either die, entering class D (at a rate of α3, as evident from blue dotted arrow line
from I to D in Figure 1), or develop natural immunity by recovering (at a rate of α1PI ,
as evident from the blue dotted line from I to R in Figure 1), or develop immunity by
vaccination and move into class R (at a rate of ηPs, as evident from the brown dotted line
from I to R in Figure 1), or be clinically diagnosed and move into class J (at a rate of γ2,
as evident from thick blue color arrow from I to J in Figure 1), or become a susceptible
person again, and enter class S (at a rate of α1(1 − PI), as evident from blue dotted arrow
from I to S in Figure 1). A clinically diagnosed patient in class J can either die to enter
class D (at a rate of α4, as evident from the purple dotted arrow from J to D in Figure
1), or develop natural immunity to enter class R (at a rate of α2PJ , as evident from the
purple dotted arrow from J to R in Figure 1), or become susceptible (S) again (at a rate
of α2(1 − PJ), as seen in the purple dotted arrow from J to S in Figure 1). According to
health guidelines, clinically diagnosed patients in class J and quarantined patients in class
Q are not vaccinated until they exit the compartment. As is evident from Figure 1, the
brown dotted arrow lines show the movement of people who develop full immunity to
the virus by the vaccination process from each of the compartments S, E, and I. Note that
susceptible people can re-emerge from classes Q, I, J, and R, as is evident from the arrows
corresponding to the rates k4, α1(1 − PI), α2(1 − PJ), ρ in Figure 1.

As is shown in Figure 1, the following points can be observed regarding the SEQIJRDS
epidemiology model. The bold points are novel parameters introduced in this model.

• β is the transmission probability of the susceptible population;
• ηηη is the overall vaccination rate of the population 3 weeks before the present date

and Ps is the overall vaccination efficacy;
• Transmitted members are quarantined at a rate of γ1;
• We introduce the parameter 0 < λ0 < λ0 < λ to represent the infection capabilities across dif-

ferent variants of the virus. This is the relative transmissibility of a given variant
with respect to the original SARS-CoV-2 virus;

• Transmitted members who are not quarantined are infected at a rate of k1 to become
non-diagnosed infected people;
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• Non-diagnosed infected people are diagnosed at a rate of γ2 per unit time and hospitalized;
• Quarantined members who were quarantined T (quarantine period) before the present

day are removed from quarantine to hospitals at a rate of k2 at the end of the quar-
antine period, when diagnosed positive for the virus. In rare cases, if a quarantined
patient is infected without being diagnosed, such patients will be removed from the
quarantine group at a rate of k3. Another fraction of the quarantined group will
become susceptible people at a rate of k4;

• Transmission of the virus to the susceptible population takes place from the infected
non-diagnosed population (I), by a factor of εQ due to the imperfect quarantine of the
quarantine population (Q), a factor of εJ due to the imperfect isolation of the hospitalized
infected population (J), and a factor of εE due to the transmitted population (E);

• α1 is the number of people recovering per unit time from non-hospitalized infected people;
• α2 is the number of people recovering per unit time from hospitalized infected people;
• α3α3α3 is the death rate of non-hospitalized infected people;
• α4α4α4 is the death rate of hospitalized infected people;
• PSPSPS is the probability of developing full immunity by vaccination, otherwise known

as the overall vaccination efficacy;
• PIPIPI is the probability of recovering with full immunity from non-hospitalized in-

fected people;
• PJPJPJ is the probability of recovering with full immunity from hospitalized infected

people;
• ρρρ is the immunity waning rate of the recovered group.

Differential equations can be written for the proposed SEQIJRDS model as given in
Equations (3)–(9) by considering the rate of change of the population at each of the compartments.

dS
dt

= −(εEE + εQQ + εJ J + I)λβS − ηPSS + α1(1 − PI)I + α2(1 − PJ)J + k4Q + ρR (3)

dE
dt

= (εEE + εQQ + εJ J + I)λβS − (k1 + γ1)E − ηPSE (4)

dQ
dt

= γ1E − k2Q − k3Q − k4Q
(5)

dI
dt

= k1E − (γ2 + α1PI + α3 + α1(1 − PI))I + k3Q − ηPS I

= k1E − (γ2 + α3 + α1)I + k3Q − ηPS I
(6)

dJ
dt

= γ2 I + k2Q − (α2PJ + α4 + α2(1 − PJ))J

= γ2 I + k2Q − (α4 + α2)J
(7)

dR
dt

= ηPsS + ηPsE + ηPs I + (α2PJ)J + (α1PI)I − ρR (8)

dD
dt

= α4 J + α3 I (9)

The model without control measures will reduce to a simple SEIR model with k1, α1, α3,
β not equal to zero, λ = PI = 1, and all other rates and fractions in the above equations
equal to zero.

Initially, at time t = 0 (just before the disease is going to infect, for the first time, the
already transmitted population), all Q = I = J = R = D = 0 and S+ E = N0. At infinite
time (a long time after the first infection), we do not assume that the population is fully
immune to the disease, which is a practical situation that can occur due to mutated variants
of the COVID-19 virus. So, S, E, Q, I, J are not equal to zero after infinite time, which is
different compared to the work in [26]. We can use these initial conditions and knowledge
of rates and probabilities identified by using historical data to project the number of non-
diagnosed infections and the number of infected people in hospitals. These projections
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will be very useful for deciding on public health interventions and for hospital resource
use management.

Unlike the procedure given in [26], during the pandemic, the probabilities and rates
specified in Equations (3)–(9) are not constants. So, we model them as variables of time
and derive the equations for such variables based on the historical data observations of the
pandemic and by logical reasoning.

We solve the system of first-order differential equations using the MATLAB R2021a
software tool. The statistical analysis of the historical data was performed using Microsoft
Excel 2016 to deduce the rates and probabilities.

2.6.1. Novelty of the Epidemiology Model

As mentioned in the review, the work in [28], which uses a Susceptible–Exposed–
Infectious–Recovered (SEIR) model [26] to consider the spread of the disease in the first 6
months, does not take into account some factors such as the COVID-19 variants, immuniza-
tion due to vaccination, etc. It assumes that all recovered patients have 100% immunity
for the disease and are non-susceptible, which is ideal since a patient who has recovered
from a variant with a low viral load can be infected again with a variant with a high viral
load. So, we do not employ the SEIR model here. We consider the practical situation where,
from the hospitalized infected group (J), only a fraction (PJ) enter the recovered group (R)
by developing total immunity after recovering from the illness, as is evident in Figure 1.
The remaining fraction of the hospitalized infected people (1 − PJ) enters the susceptible
group (S), as they do not have full immunity to the virus. Another fraction (α4) from the
group J enters the dead group (D) by dying. As seen from Figure 1, a fraction PI enters the
recovered group (R) by developing full immunity to the virus, a fraction α3 enters the dead
group (D) by dying, and a fraction (1 − PI) who do not have full immunity to the virus
enter the susceptible group (S) from the non-diagnosed infected population (I). (Ps) is the
fraction of the population who develop full immunity to the infection with vaccination,
defined, in other words, as the overall vaccination efficacy.

Therefore, for this study, we deviate from such ideal assumptions, which can cause
inaccuracies in the projected outcomes, and use the epidemic management model, which
complies highly with the current interventions practiced in Sri Lanka. Since nearly 50%
of the population of Sri Lanka is vaccinated with both doses at the time of writing [4], a
vaccination class which is partially immune to the disease must be considered for modeling,
as highlighted in [26]. For the proposed SEQIJRDS model, the vaccination class is embedded
in the recovered class (R).

Thus, the novelty of the proposed SEQIJRDS model can be summarized as is listed below.

• The proposed model models the natural immunity development of the infected pop-
ulation as a probability and deviates from the ideal assumption that all recovered
people have 100% immunity to the disease;

• It models the immunity waning effect of the recovered group with 100% immunity;
• It models vaccination in the epidemiology model by removing people in the S, E, and

I compartments at a rate of ηPS;
• Infection capabilities across different variants of the virus are modeled using the

relative transmissibility of the virus (λ) with respect to the original SARS-Cov-2 virus;
• As explained in Section 2.6.5, the transmission probability (β) is modeled as a function

of mobility (µ) and exposure-preventative measures (M), such as mask use.

2.6.2. Assumptions of the Epidemiology Model

We assume that all clinically tested positive patients for COVID-19 are homogeneous
in terms of gender, age, presence of chronic illnesses, etc., as we do not model the effect of
such factors. Further, we assume that the population remains constant, assuming that the
effect of natural births and deaths of the population is negligible. We further assume that
only the identified transmitted individuals are quarantined using the process of contact
tracing, and that all unidentified transmitted individuals will eventually become infected.
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2.6.3. Clinical Significance of the Epidemiology Model

The epidemiology model can be used to project the total deaths and daily deaths
in the future under different hyperparameter values for different intervention scenarios.
These projections can be compared to understand the effectiveness of each scenario. The
model will, thus, be valuable to health experts, allowing them to better understand the
death savings under different intervention scenarios. Furthermore, using projections for the
compartment J (hospitalized infected population) of the proposed SEQIJRDS model, and by
comparing against the available number of ICU beds, it can be decided whether the existing
hospital resources exceed the demanded hospital resources in the future or not. Thus,
public health interventions can be planned and decided on in order to avoid exceeding the
available hospital resources by using the projections of the proposed SEQIJRDS model.

2.6.4. Deriving the Basic Reproduction Number

The basic reproduction number (R0) is the number of secondary infections that can be
produced by a single person on average [43]. Two classes, E and I, are mainly involved in
infecting (exposing people which can result in infection) other people, whereas classes Q
and J can be assumed to be partially infecting under non-perfect quarantine and non-perfect
hospital isolation conditions. In such a scenario, the infecting classes’ equations can be
written as given in Equations (10)–(13).

dE
dt

= λβSI − (k1 + γ1 − εEλβS + ηPS)E + εQλβSQ + εJλβSJ (10)

dQ
dt

= γ1E − (k2 + k3 + k4)Q (11)

dI
dt

= k1E − (γ2 + α3 + α1 + ηPS)I + k3Q (12)

dJ
dt

= γ2 I + k2Q − (α4 + α2)J (13)

At the disease-free equilibrium state, S = S0 and all other compartments are zero.
The next generation matrix method can be used to find the basic reproduction number as
given in [2,43]. The gains to the E class, Q class, I class, and J class are λβSI + εEλβSE +
εQλβSQ + εJλβSJ, γ1E, k1E + k3Q, and γ2 I + k2Q, respectively. Further, the losses to
the E class, Q class, I class, and J class are (k1 + γ1 + ηPS)E, (k2 + k3 + k4)Q, (γ2 + α3 +
α1 + ηPS)I, and (α4 + α2)J, respectively. Accordingly, F and V matrices can be obtained,
as shown in the matrices in Equations (14) and (15), respectively.

F =



∂(λβSI+εEλβSE+εQλβSQ+εJ λβSJ)
∂E

∂(γ1E)
∂E

∂(k1E+k3Q)
∂E

∂(γ2 I+k2Q)
∂E

∂(λβSI+εEλβSE+εQλβSQ+εJ λβSJ)
∂Q

∂(γ1E)
∂Q

∂(k1E+k3Q)
∂Q

∂(γ2 I+k2Q)
∂Q

∂(λβSI+εEλβSE+εQλβSQ+εJ λβSJ)
∂I

∂(γ1E)
∂I

∂(k1E+k3Q)
∂I

∂(γ2 I+k2Q)
∂I

∂(λβSI+εEλβSE+εQλβSQ+εJ λβSJ)
∂J

∂(γ1E)
∂J

∂(k1E+k3Q)
∂J

∂(γ2 I+k2Q)
∂J



=


εEλβS0 γ1 k1 0
εQλβS0 0 k3 k2

λβS0 0 0 γ2
εJλβS0 0 0 0



(14)
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V =



∂((k1+γ1+ηPS)E)
∂E

∂((k2+k3+k4)Q)
∂E

∂((γ2+α3+α1+ηPS)I)
∂E

∂((α4+α2)J)
∂E

∂((k1+γ1+ηPS)E)
∂Q

∂((k2+k3+k4)Q)
∂Q

∂((γ2+α3+α1+ηPS)I)
∂Q

∂((α4+α2)J)
∂Q

∂((k1+γ1+ηPS)E)
∂I

∂((k2+k3+k4)Q)
∂I

∂((γ2+α3+α1+ηPS)I)
∂I

∂((α4+α2)J)
∂I

∂((k1+γ1+ηPS)E)
∂J

∂((k2+k3+k4)Q)
∂J

∂((γ2+α3+α1+ηPS)I)
∂J

∂((α4+α2)J)
∂J



=


k1 + γ1 + ηPS 0 0 0

0 k2 + k3 + k4 0 0
0 0 γ2 + α3 + α1 + ηPS 0
0 0 0 α4 + α2



(15)

The equation for the basic reproduction number can be written as R0 = ρ(FV−1),
where ρ is the spectral radius and FV−1 is the next-generation matrix. Hence, the basic
reproduction number R0 can be calculated as given in Equation (16).

R0 = ρ(FV−1) = ρ(


εEλβS0 γ1 k1 0
εQλβS0 0 k3 k2

λβS0 0 0 γ2

εJλβS0 0 0 0




1
k1+γ1+ηPS

0 0 0

0 1
k2+k3+k4

0 0

0 0 1
γ2+α3+α1+ηPS

0

0 0 0 1
α4+α2

)

= ρ



εEλβS0
k1+γ1+ηPS

γ1
k2+k3+k4

k1
γ2+α3+α1+ηPS

0

εQλβS0
k1+γ1+ηPS

0 k3
γ2+α3+α1+ηPS

k2
α4+α2

λβS0
k1+γ1+ηPS

0 0 γ2
α4+α2

εJ λβS0
k1+γ1+ηPS

0 0 0


≈

k1k2k3γ1γ2εJεEεQλβS0

(k1 + γ1 + ηPS)(γ2 + α3 + α1 + ηPS)(α4 + α2)(k2 + k3 + k4)

(16)

The result derived for the R0 implies useful information about the epidemiological
model parameters. It shows clearly that the transmission probability (β), the relative trans-
missibility (λ), the fractional exposing factor from transmitted people (εE), the fractional
exposing factor due to imperfect quarantine (εQ), and the fractional exposing factor due to
imperfect hospital isolation (εJ), as direct factors, contribute to the increment of the basic
reproduction number. The increment of the natural death rate of infected people in the
society (α3), the recovery rate of the hospitalized infected group (α2), the death rate of the
hospitalized group (α4), the recovery rate of the non-hospitalized infected people (α1), and
the fractional rate of quarantined people becoming susceptible (k4) will cause the reproduc-
tion number to decrease. The effect of k1, k2, k3, γ1, γ2 on the basic reproduction number is
indeterminate, as these terms appear in both the numerator and denominator of the derived
expression for R0 in Equation (16). Further, by increasing the overall vaccination rate (η)
and the overall efficacy of vaccination (Ps), the basic reproduction number can be reduced.

Each of the variables of the epidemiological model can be modeled as given in the
following subsections.

2.6.5. The Transmission Probability (β)

Transmission probability is one of the main factors which governs the rate of the virus’
spread, as it is the rate at which the virus is transmitted to the susceptible population. We
model β as a function of human behavior since it depends highly on how people behave.
Therefore, the transmission probability depends on the normalized average mobility (µ) of
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the population and exposure-preventative measures (M) such as mask use, social distancing,
and hand sanitizing. Both µ and M depend on the government policies and behavior
adherence to policies of the general public. We model β as given by Equation (17).

β = µ ∗ M ∗ β0 (17)

We define β0 in Equation (17) as the base transmission probability, which is the trans-
mission probability under the highest mobility (µ = 1.0) and lowest preventative measures
(M = 1.0). In other terms, β0 is the worst-case transmission probability. We derive β0 using
model fitting for historical data, so that this becomes a learned parameter. Normalized
average mobility (µ) in Equation (17) is a parameter having a value of 1 under the highest
mobility and a value of 0 for the least mobility. In order to obtain this parameter, the mobil-
ity of the people at a given time under different sectors should be averaged and mapped to a
normalized value between 0 and 1, as described in Section 2.6.7. In Equation (17), M is a nor-
malized parameter which has a value of 0 under the highest possible exposure-prevention
measures, and has a value of 1 at no preventative measures. The value of the parameter M
is critical, since it determines the rate of the propagation of the disease. At a given time, the
value of M can be calculated considering mask use, as given in Equation (18).

M =
N

∑
i=1

(1 − FEi)(mask f ractioni) (18)

In Equation (18), FEi is the filtration efficiency of a particular type of mask and
mask f ractioni is the fraction of the population which wears the ith type of mask. Not
wearing a mask is identical to wearing a mask with 0.00 filtration efficiency (FE). In sit-
uations which a fraction of the population does not wear a mask, such cases should be
substituted in Equation (18) with 0.00 FE, along with the corresponding mask fraction for
not wearing a mask. Using Equation (18), we can obtain M = 0.05 for the universal N95
mask-use case, which assumes that the whole population wears a mask which prevents
contact with the disease by a probability of 0.95 [44] (e.g., by a whole population wearing
an N95 or equivalent mask, where N = 1, FE1 = 0.95, mask f raction1 = 1.0). Yet, it cannot be
guaranteed that a whole population will wear a mask and follow health guidelines. There
are hard-working people who are unwilling to wear a mask or cannot wear masks due to
their difficult working conditions. In addition to N95 masks, people can wear other masks
such as surgical or cloth masks, having maximum filtration efficiencies of 0.88 and 0.23,
respectively [45]. So, our simulations will consider different cases of the parameter M and
also study other parameters under the average case for M. In summary, when the mobility
of the population increases (µ increases) and exposure-preventative measures decrease (M
increases), the transmission probability (β) will increase, and vice versa.

2.6.6. Contact Tracing and Quarantine Rate-γ1

The quarantine rate is an important parameter which can control the spread of the
disease, but the problem is that there are no data to obtain this, mainly because there
has been double counting (not deducting after being hospitalized from the quarantined
population) in reports of the epidemiology unit of Sri Lanka [4]. Therefore, this parameter
had to be estimated using historical data and mobility. We modeled this parameter as a
function of mobility, since mobility reduction enhances quarantine and vice versa. The
equation for contact tracing and quarantine rate (γ1) is as shown in Equation (19).

γ1 = (1 − µ)× γ0 (19)

In Equation (19), γ0 is the base quarantine rate. We obtained the value for γ0 by model
fitting for the historical data since the data collected from the epidemiological unit of Sri
Lanka about quarantined people has been self-reported as erroneous.
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2.6.7. Mobility

The mobility data of the Sri Lankan population were collected from Google [46]. The
travel restriction periods can be summarized as in Table 2. Travel restriction dates in Table 2
were obtained from the sources [6–9,47,48].

Table 2. Summary table of travel restrictions.

Scenario Start Date End Date

Island-wide full lockdown 20 March 2020 23 March 2020

Island-wide full lockdown 23 March 2020 19 April 2020

Island-wide full lockdown 23 April 2020 11 May 2020

Island-wide full lockdown 23 May 2020 26 May 2020

Restrict travel in selected high-risk areas 4 October 2020 18 October 2020

Full lockdown in western province 18 October 2020 5 November 2020

Restrict travel in selected high-risk areas 5 November 2020 10 May 2021

Restrict inter-provincial travel 10 May 2021 21 May 2021

Island-wide full lockdown 21 May 2021 21 June 2021

Restrict inter-provincial travel 21 June 2021 1 August 2021

The mobility of the Sri Lankan population during the pandemic period was collected
from Google mobility reports [46], which present mobility under 6 categories. According to
the collected data, we could observe a low cross correlation between all non-residential data
(5 types) and residential data, showing that travel restrictions have effectively reduced non-
residential mobility, but has also increased residential mobility. We calculate the average
mobility across all 6 different sections, and use min-max normalization to map it into a
variable between 0 and 1, which we call the normalized mobility (µ). The result is as seen
in Figure 2.

Figure 2. Normalized mobility vs. time during the COVID-19 pandemic in Sri Lanka.

When observing the result in Figure 2, it is very clear that during the full lockdown
periods, the average mobility was low, at an average of 0.34, having a 95% confidence
interval of (0.23–0.45). The average mobility during the pandemic, when there were no
travel restrictions, is 0.67, with a low standard deviation of 0.0004. So, the observation
is that the average mobility can be halved by using total lockdowns in Sri Lanka. If the
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binary discrete event “lockdown state” is represented by L, then the mobility is given by
Equation (20) as:

µ = 0.34 × L − (L − 1)0.67

= −0.33 × L + 0.67
(20)

Therefore, we can obtain an approximate value for β using the above observation.
The value of β is very critical in the pandemic since it will govern all other rates. From
Equation (17), β = (−0.33 × L + 0.67)× M × β0, considering the discrete event lockdown
L. This equation can be used to measure the effectiveness of lockdowns on the spread of
the pandemic. Otherwise, the instantaneous normalized mobility should be used to solve
Equation (17).

2.6.8. Overall Vaccination Rate—η and Overall Vaccination Efficacy—Ps

The population of Sri Lanka is 21,514,267, according to [49]. Vaccines are given to
all humans of ages greater than 15. The population percentage of such a group of people
is 74.8% [50]. Therefore, the eligible population for vaccination is around 16.09 million.
In order for a vaccine to be accepted by the WHO, it needs to have an efficacy of at least
50% [51]. Therefore, all COVID-19 vaccines have an efficacy greater than 50%. However,
based on the vaccine type that is given and the dose, this efficacy can vary. Pfizer has an
efficacy of 57% for the first dose and of 95% for the second dose, Moderna has an efficacy
of 92.1% for the first dose and 94.5% for the second dose, AstraZeneca has an efficacy of
63.9% for the first dose and 70% for the second dose, and Sinopharm has an efficacy of 63%
for the first dose and 79% for the second dose, as shown in [52–54]. Further, Sputnik V has
an efficacy of 79.4% for the first dose and 92% for the second dose, according to [55,56], and
the Covishield vaccine has an efficacy of 49% for the first dose and 70% for the second dose,
according to [57,58].

First, we will determine the overall vaccination rate (η) 3 weeks before the present date.
Vaccination data was collected from the epidemiology unit of Sri Lanka. Table 3 shows the
cumulative vaccination values at the end of each month for each of the doses.

Table 3. Table of total vaccination of each dose by the end of each month.

Dose March April May June July August

Dose 1 in M (%) 0.91 (5.7) 0.93 (5.8) 1.61 (9.9) 2.69 (16.8) 9.63 (59.9) 12.34 (76.7)

Dose 2 in M (%) 0.0 (0.0) 0.02 (0.1) 0.35 (2.1) 0.99 (6.2) 2.13 (13.3) 7.29 (45.3)

As evident from Table 3, 12.34 million people (76.7% of the eligible population) have
been given the first dose, and 7.29 million people (45.3% of the eligible population) have
been given the second dose by the end of August 2021. The vaccination process began
in March and only a few have been vaccinated in April, due to the Sinhala and Hindu
new year vacation period, as is evident from Table 3. Since the vaccination rates among
different types of vaccines are different, and their corresponding efficacy for a given dose
is also different, we have to find the parameter of the overall vaccination efficacy for all
the vaccines.

Now, let us derive the overall vaccination rate η at any given time. For this, we need
to shift the time axis of vaccination by 3 weeks for both doses for all the vaccines. Since
we make calculations at the end of each month, for convenience, we shift the time axis by
1 month, not 3 weeks. Table 4 shows the variations of the average vaccination fraction per
day of both doses for each month for each type of the vaccine, and for all vaccines with
time axis shifted by 1 month.
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Table 4. Average first and second dose vaccination rates among different types; all vaccines with
time axis shifted by 1 month.

Vaccine April May June July August September

AstraZeneca 0.00137,
0.00000

0.00002,
0.00004

0.00000,
0.00048

0.00000,
0.00005

0.00000,
0.00002

0.00067,
0.00075

Sinopharm 0.00000,
0.00000

0.00000,
0.00000

0.00100,
0.00000

0.00154,
0.00094

0.00897,
0.00169

0.00313,
0.00573

Sputnik V 0.00000,
0.00000

0.00000,
0.00000

0.00002,
0.00000

0.00015,
0.00002

0.00007,
0.00000

0.00000,
0.00002

Pfizer 0.00000,
0.00000

0.00000,
0.00000

0.00000,
0.00000

0.00000,
0.00000

0.00030,
0.00000

0.00016,
0.00028

Moderna 0.00000,
0.00000

0.00000,
0.00000

0.00000,
0.00000

0.00000,
0.00000

0.00107,
0.00000

0.00009,
0.00097

Overall (η) 0.00137 0.00006 0.00151 0.00269 0.01211 0.01179

As seen from Table 4, the AstraZeneca vaccine was given mainly at the start of the
vaccination program. However, towards the end of May, Sinopharm vaccination began, and
then continued as the dominant vaccine with the highest rate of vaccination. The overall
vaccination rate (η) can be directly obtained from the row showing the overall vaccination
rate in Table 4.

Now, let us determine the overall vaccination efficacy (Ps). For that, let us define the
parameter ηvaccine i as the vaccination rate for a specific type of vaccine for a given dose, and
Ps vaccine i as the efficacy for a specific type of vaccine for a given dose. The ηvaccine i for each
of the vaccines for a given dose should be found using Table 4. Using these values and the
corresponding efficacy (Ps vaccine i) of each vaccine type for a given dose, the overall efficacy
(Ps) for the SEQIJRDS model can be calculated as given in Equation (21).

Ps =
∑N

i=1 ηvaccine iPs vaccine i

∑N
i=1 ηvaccine i

(21)

The set of vaccines used in Equation (21) are Pfizer, Sinopharm, Sputnik V, Moderna,
Astrazenaca. This ηPs value will be used to solve the differential equations in the proposed
SEQIJRDS model. Accordingly, by substituting, in Equation (21), the individual vaccination
rates for each doses of a given vaccine type obtained from Table 4, and for the individual
efficacy of each vaccine for a given dose, we obtain PS = 0.64, 0.68, 0.66, 0.70, 0.68, 0.75 for the
months of April, May, June, July, August, and September of the year 2021, respectively.

2.6.9. Variants and Clusters of COVID-19

Currently, there are six main variants found in Sri Lankan society [59], as shown in
Table 5.

Table 5. Summary table of the COVID-19 variants found in Sri Lanka.

Variant Name Earliest Date of Detection Relative Transmissibility (λλλ)

B.1.411 2 April 2020 [60] 1.02 [61]

B.1.1.7 (Alpha variant) 2 January 2021 [62] 1.29 [63]

B.1.351 (Beta variant) 3 March 2021 [64] 1.25 [63]

B.1.428 3 March 2021 [65] unknown

B.1.617.2 (Delta variant) 7 April 2021 [66] 1.97 [63]

B.1.525 28 April 2021 [67] 1.29 [63]

SA 222V, SA 701S, SA 1078S 17 August 2021 [68] unknown
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We consider the highest λ value of the varieties of COVID-19 found at a particular
time in Sri Lanka in our simulations, that is, λ = 1.02 prior to 2 January 2021, λ = 1.29 from
2 January 2021 to 7 April 2021, and λ = 1.97 after 7 April 2021.

2.6.10. Daily Hospitalizations

Figure 3a shows the average number of daily hospitalizations for each month. The
hospitalization sources are quarantine centers (Q) and non-isolated infected people from
society (I). This gives a value for k2 × Q + γ2 × I.

(a)

(b)

(c)
Figure 3. Graphs showing daily hospitalization, discharge ratio, and death fraction variation for each
month during the COVID-19 pandemic in Sri Lanka. (a) Number of patients hospitalized per day for
each month during the pandemic. (b) Hospitalized recovery fraction variation during the pandemic.
(c) Death fraction variation for each month during the pandemic.
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2.6.11. Hospitalized Recovery Fraction (Discharge Ratio)-α2

The epidemiology unit of Sri Lanka provides the number of patients recovering in the
hospitals, that is, an ideal recovery where PI = 1, PJ = 1, where the patients recovered will
go only to the removed class R. So, the real daily recovered patients with 100% immunity
against the disease will be different to the one reported. However, we can approximate α2

using the (discharged patients/number in ward) ratio, as plotted in Figure 3b.
It should be noted that the fraction of COVID-19 victims who recover without being

diagnosed as infected people is not reported and is, hence, unknown. So, the value of α1

has to be learned by model fitting for historical data.

2.6.12. Death Fraction-α4

From the data, we calculate the ratio between the number of deaths and infected pa-
tients for the hospitalized population, as shown in Figure 3c. The value at each point of the
graph will be used as the initial conditions when solving the system of differential equations.

The fractional rate of deaths from infected people in society (α3) is unknown and
typically will not be reported as a COVID-19 death. In this paper, we set (α3 = α4), which
is a fair assumption since both non-isolated infected people and isolated infected people
have come from the same transmitted population.

3. Results
3.1. Model Simulation for Sri Lanka

We simulate the model in MATLAB R2021a. We summarize the values of the parame-
ters for the proposed SEQIJRDS model with the method of finding parameter values shown
in Table 6.

Table 6. Table of hyperparameter values and methodology of finding the parameter values for the
proposed SEQIJRDS model simulation for the COVID-19 pandemic in Sri Lanka.

Parameter Values Methodology

µ (0:1) As derived in Section 2.6.7

η
0.00000, 0.00137, 0.00006, 0.00151, 0.00269,
0.01211, 0.01179 As derived in Section 2.6.8

Ps 0.0, 0.64, 0.68, 0.66, 0.70, 0.68, 0.75 As derived in Section 2.6.8

M 0.01,0.05,0.145,0.31 As derived in Sections 2.6.5 and 3.3.4

λ 1.0,1.02,1.25,1.29,1.97 As derived in Section 2.6.9

β0 0.000006415 ± 0.000000015 Learned using model fitting for historical data

γ0 0.22 ± 0.015 Learned using model fitting for historical data

γ1 (0:1) As derived in Section 2.6.6

γ2 0.05 ± 0.005 Learned using model fitting for historical data

α1 0.3 ± 0.02 Learned using model fitting for historical data

α2 (0:1) As derived in Section 2.6.11

α3 (0:1) As derived in Section 2.6.12

α4 (0:1) As derived in Section 2.6.12

PI 0.3 ± 0.015 Learned using model fitting for historical data

PJ 0.3 ± 0.025 Learned using model fitting for historical data

εE 1.0 × 10 −7 ± 2.0 × 10 −8 Learned using model fitting for historical data

εQ 1.0 × 10 −7 ± 2.0 × 10 −8 Learned using model fitting for historical data

εJ 1.0 × 10 −7 ± 1.0 × 10 −8 Learned using model fitting for historical data

k1 0.01 ± 0.0007 Learned using model fitting for historical data

k2 (0:1) As derived in Section 2.6.10

k3 0.001 ± 0.0003 Learned using model fitting for historical data

k4 0.5 ± 0.04 Learned using model fitting for historical data

ρ 0.003 ± 0.0004 Learned using model fitting for historical data
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Historical data in the Table 6 refers to the cumulative death count and the hospitalized
infected people count in the past. For the parameters learned by model fitting, we fit the
model such that the percentage errors between the model projections and the true values
for both the cumulative death count and hospitalized infected people are less than 1%. We
calculate the percentage error as given in Equation (22).

Percentage Error = 100 ∗ ( A − P
A

) (22)

In Equation (22), A is the absolute value of the projection P. So, for the learned
parameters, we have a range of values that can be used for model simulation, fitted such
that the percentage error is less than 1. For example, for the parameter β0, the range of
values is from 0.000006400 to 0.000006430, with 0.000006415 as the best-fitted value with
the least percentage error. When finding this range for a given learned parameter, we
keep all other learned parameters at the best-fitted values and increase or decrease the
test parameter value until the percentage error of either hospitalized infected people or
cumulative deaths reaches 1%. We graphically show the variation of the percentage error
as a function of each of the estimated (learned) variables for the COVID-19 pandemic in Sri
Lanka in Figure 4.

Figure 4. Variation of percentage error for each of the estimated (learned) parameters of the SEQIJRDS
model for the COVID-19 pandemic in Sri Lanka.

Figure 5a–c shows the variation of the population of each class with time for the first
670 days of the pandemic. Parameters given in Table 6 were used in the simulation for the
first 580 days. It should be noted that the last 3 months of the simulation are projections
from the proposed SEQIJRDS model under following assumptions for the last 3 months.

• Vaccination is continued (η = 0.01179, Ps = 0.75);
• Universal single N95 mask use (M = 0.05);
• No lockdown (µ = 0.67);
• Current quarantine practices are maintained (γ0 = 0.22).
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(a)

(b)

(c)
Figure 5. Simulation of the proposed SEQIJRDS model for the first 670 days of the pandemic
in Sri Lanka. (a) Susceptible, transmitted, and recovered population variation for the first
670 days. (b) Quarantined and non-diagnosed infected population variation for the first 670 days.
(c) Hospitalized infected and dead population variation for the first 670 days.
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As seen from Figure 5a, the susceptible population begins to decrease gradually,
starting from May 2021, mainly due to the vaccination process. During the same time,
transmitted people and infected people also increase significantly, as is evident from
Figure 5. It is clear that, according to projections from the proposed SEQIJRDS model, the
disease will have a peak of infected people by late September, and it will fade away while
the number of infected people in society reduces by the beginning of December. It is highly
unlikely that another wave of COVID-19 will arise after that, as the susceptible population
after December will be at a low value—around six million—as is evident from Figure 5a.

3.2. Validation of the Proposed Model

We compare the proposed SEQIJRDS model with historical data for June, July, and
August 2021, months which have passed at the time of writing, in order to validate the
model. Here, it should be noted that the learned parameters up to the month of May will
be used to generate the projections. The parameters learned in June or July or August are
not used, as they are generated as projections.

We compare the proposed SEQIJRDS model’s projections against ground truth values
and the projections of the SEIR [69] and SIR [27] models, which have been previously
used by researchers to make projections about COVID-19 in Sri Lanka. We summarize the
implementation of the SEIR and SIR models as follows.

3.2.1. SEIR Model

Equations (23)–(27) contain the rate equations for each of the compartments in SEIR
model. All variables in these equations have the meaning that was defined for the proposed
SEQIJRDS model. It should be noted that the SEIR model [69] can be derived from the
proposed SEQIJRDS model by setting εE = εJ = εQ = γ1 = k3 = k4 = k2 = η = γ2 = α2 =

PJ = 0 and λ = PI = 1.

dS
dt

= −βSI (23)

dE
dt

= βSI − k1E (24)

dI
dt

= k1E − (α3 + α1)I (25)

dR
dt

= α1 I (26)

dD
dt

= α3 I (27)

3.2.2. SIR Model

Equations (28)–(31) contain the rate of change of each compartment of the SIR
model [27] with respect to time. The SIR model cannot be derived from the proposed
SEQIJRDS model, unlike the SEIR model.

dS
dt

= −βSI (28)

dI
dt

= βSI − (α3 + α1)I (29)

dR
dt

= α1 I (30)

dD
dt

= α3 I (31)
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3.2.3. Validation of Hospitalized Infected People

Figure 6a shows the proposed SEQIJRDS, SEIR, and SIR models’ projections for
the hospitalized infected people due to COVID-19, as well as the actual hospitalized
infected people.

(a)

(b)

(c)
Figure 6. Validation of the proposed SEQIJRDS model against ground truth values and projections of
the SEIR and SIR models for hospitalized infected people, cumulative deaths, and daily deaths for
the months of June, July, and August 2021. (a) Graphs showing a comparison of actual hospitalized
infected people vs. the hospitalized infected people projected by the proposed SEQIJRDS, SEIR,
and SIR models. (b) Graphs showing a comparison of the actual total deaths with the total deaths
projected by the proposed SEQIJRDS, SEIR, and SIR models. (c) Comparison of the daily death
projections of the proposed SEQIJRDS, SEIR, and SIR models with the actual daily deaths.
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As proved graphically in Figure 6a, the proposed SEQIJRDS model has been able to
track the hospitalized infected people consistently over time. In other words, the proposed
SEQIJRDS model can follow the ground truth variation over time. On the other hand, both
the SEIR model’s and the SIR model’s projections cannot track the hospitalized infected
people over the long term. As is evident from Figure 6a, the rate of change of hospitalized
infected people with respect to time is constant, as a linear variation can be observed for
the SEIR and SIR models. However, for the proposed SEQIJRDS model, the rate of change
of hospitalized infected people is not fixed, and it follows the ground truth variation over
time. In order to mathematically verify the effect between the ground truth variation and
the projections of each model, we calculate the standardized mean difference between the
projections of each model and ground truth over three months using Equation (1).

The standard mean difference between the ground truth and the projections of the
proposed SEQIJRDS model, SEIR model, and SIR model are 0.23, 0.68, and 0.80, respec-
tively, for the entire 12 weeks. This result confirms that the proposed SEQIJRDS model’s
projections and the ground truth values vary only by a small margin over the long term.
On the other hand, the SEIR and SIR models’ projections’ effects are medium and high,
respectively. This indicates that their projections deviate more from the ground truth values
than do the proposed SEQIJRDS model’s projections.

We further calculate the MAPE at intervals of a two-week time period using
Equation (2) to understand each model’s performance in the short and long terms. Table 7
shows the MAPE calculated at intervals of 2 weeks for the hospitalized infected patient
projections of each model.

Table 7. Table of mean absolute percent error comparison between the proposed SEQIJRDS, SEIR,
and SIR models’ projections for hospitalized infected people.

Number of Weeks Proposed SEQIJRDS SIR [27] SEIR [69]

2 4.97 5.05 5.16

4 6.52 6.32 6.68

6 5.09 5.19 5.55

8 8.22 8.60 9.48

10 9.77 10.14 10.11

12 12.21 16.10 15.19

As seen in Table 7, even though there is a relatively higher MAPE for the first four
weeks for the proposed SEQIJRDS model, compared to other models, at all other time
periods, the proposed SEQIJRDS model has a lower MAPE than the other two models.
Further, the MAPE for the first 4 weeks of the proposed SEQIJRDS model is only slightly
higher than that of SEIR and SIR models, so this MAPE is acceptable for forecasting.
When considering the 12-week MAPE, the MAPE of the proposed SEQIJRDS model is
significantly less than SIR and SEIR models (12.21 vs. 16.10, 15.19), indicating that over the
3-month period, the accuracy of the proposed SEQIJRDS model is significantly higher than
that of the other models. This 12-week MAPE further confirms the lower SMD obtained for
the proposed SEQIJRDS model, compared to other models.

3.2.4. Validation of Cumulative Deaths

Figure 6b shows the proposed SEQIJRDS, SEIR, and SIR models’ projections and
ground truth values for the total mortality due to COVID-19 in Sri Lanka for June, July, and
August in 2021.

As proved graphically in Figure 6b, the absolute difference between the proposed
model’s projections and the actual total death is very low for the entire three months. The
cumulative death projection of the proposed SEQIJRDS model successfully aligns with the
ground truth values, as is evident from Figure 6b. On the other hand, both the SEIR and
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SIR models’ projections vary almost linearly over time. Those projections align with the
actual death count within the first two months, and then deviate very largely from the true
values after the second month. However, the proposed SEQIJRDS model’s projections have
a variation with an increasing gradient for the month of August, similar to the ground truth
variation, even though they do not exactly match. In order to study the effect of difference
between each of the model projections and ground truth values, we calculate the SMD for
12 weeks using Equation (1). The SMDs are obtained as 0.12, 0.28, and 0.28 for the proposed
SEQIJRDS model, the SEIR model, and the SIR model, respectively. This indicates that
the effect of difference between the SEQIJRDS model’s projections and the ground truth
values are very low over the long term. On the other hand, both the SIR and SEIR models’
projections deviate from the ground truth values by a small margin, as suggested by the
SMD of 0.28. Therefore, the proposed SEQIJRDS model has the lowest SMD value out
of the three models, having the least difference with the ground truth cumulative death
variation over 3 months.

We further calculate the MAPE between each of the model’s cumulative death pro-
jections and the real cumulative deaths at two-week time intervals. Table 8 shows the
summary of results for MAPE for each of the model’s projections.

Table 8. Table of mean absolute percent error comparison between the proposed SEQIJRDS, the SEIR,
and the SIR models’ projections for cumulative deaths.

Number of Weeks Proposed SEQIJRDS SIR [27] SEIR [69]

2 1.81 2.23 2.21

4 2.90 2.11 2.28

6 1.61 1.71 1.78

8 1.89 1.99 2.04

10 2.01 2.65 2.59

12 3.63 6.38 6.15

From the result in Table 8, it can be observed that the MAPE for the cumulative
death projection of the proposed SEQIJRDS model is less than four within entire three
months, suggesting that the accuracy of the projections is high. Both the SIR and SEIR
models’ MAPEs for the total death projection have been relatively lower than the proposed
SEQIJRDS model’s total death projections only for the first four weeks. However, this
difference is very low, and the MAPE of the proposed SEQIJRDS model is less than three for
the first four weeks. Therefore, it is suitable for forecasting even in the short term, despite
the MAPE being slightly higher than the other two models for the first four weeks. The
MAPE of the proposed SEQIJRDS model gradually increases to 3.63 over 3 months, while
the SIR and SEIR model’s MAPE increase to 6.38 and 6.15, respectively. The MAPE of the
proposed SEQIJRDS model is slightly lower than other models for 2, 6, and 8 weeks, and
significantly lower for 10 and 12 weeks. The 12-week MAPE of the proposed SEQIJRDS
model being significantly lower than other models confirms the lower 12-week SMD
obtained for the proposed SEQIJRDS model compared to other models. Therefore, over the
long term, the MAPE of the proposed SEQIJRDS model for the cumulative death projection
is significantly less than that of the other models, indicating the long-term accuracy of the
forecasting ability of the proposed SEQIJRDS model.

3.2.5. Validation of Daily Death Count

We further project the daily death counts from the proposed SEQIJRDS, SEIR, and SIR
models and compare them with the real daily deaths, as shown in Figure 6c, for the further
validation of the proposed SEQIJRDS model.

As seen in Figure 6c, the projections of the proposed SEQIJRDS model can track real
deaths. In June and July, when the real daily deaths were low, the proposed SEQIJRDS
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model’s projections are also low. When the number of ground truth daily deaths increase,
the proposed SEQIJRDS model’s projections also gradually increase during the period of
late July and early August. Finally, when the real deaths saturate to a relatively higher
value in late August, the proposed SEQIJRDS model’s projections also tend to saturate
(with a decreasing gradient) at closer values to the real daily deaths. However, both the
SEIR and SIR models’ projections follow the real daily death variation only in June and
July, as the projections of those models continue to decrease over time, almost at a constant
rate, as is evident from the black and green graphs in Figure 6c. As an effect measure,
we compute the standardized mean difference between projections and the ground truth
values. We use Equation (1) to compute the mean difference. The SMD for 12 weeks
between the proposed SEQIJRDS, the SEIR, and the SIR model’s projections and the ground
truth daily death values are 0.38, 0.91, and 0.94, respectively. This indicates that only a
small effect difference exists between the projections of the proposed SEQIJRDS model and
the real daily deaths. However, the other models’ daily death counts deviate very largely,
as suggested by corresponding SMDs greater than 0.8. Hence, the proposed SEQIJRDS
model is successfully able to project the mortality rate. We further evaluate the MAPE
calculated using the daily death count projections of each of the models and the real daily
deaths at two-week time intervals, as shown in Table 9.

Table 9. Table of mean absolute percent error comparison between the proposed SEQIJRDS model
and the other projection models for daily deaths.

Number of Weeks Proposed SEQIJRDS SIR [27] SEIR [69]

2 19.31 20.51 20.50

4 18.14 16.35 16.48

6 15.97 16.29 16.59

8 14.63 16.14 16.39

10 16.37 24.44 23.95

12 19.16 33.12 32.37

The MAPE for the daily death count is relatively high for all models compared to the
MAPE of cumulative deaths. One reason for this is that the daily death value is very small
compared to the cumulative death value. In other words, a small change in the value of
the daily death count has a larger impact on the MAPE value, compared to the cumulative
death count. This shows that the accurate projection of a daily death count is difficult
for any model, and that the accuracy of the projection tends to decrease over time as the
projection parameters also change. As seen in Table 9, the MAPE of the proposed SEQIJRDS
model has been always less than 20 for the daily death projections. The 2-, 6-, and 8-week
MAPEs of the proposed SEQIJRDS model are slightly less than that of other models, while
the 10- and 12-week MAPEs are significantly less than other models’ MAPEs. Thus, the
previously obtained lower 12-week SMD statistically verifies the lower MAPE obtained
for the proposed SEQIJRDS model for 12 weeks. This further confirms the accuracy of the
proposed SEQIJRDS model’s daily death projections over the long term. Further, the MAPE
for the first four weeks of the proposed SEQIJRDS model is only slightly higher than that
of SEIR and SIR models, so the proposed SEQIJRDS model is suitable for short-term daily
death forecasting also.

3.3. Mortality Projections
3.3.1. Effect of Lockdowns

At the time of writing (29 August 2021), we project the number of deaths using the
epidemiology model proposed in the methodology under nine scenarios. These are either
not locking down or locking down for X weeks, starting from the first week of September
2021. Considering weekly lockdowns is very appropriate, as lockdown decisions by the
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government of Sri Lanka are made on a week-by-week basis. The obtained results for death
projections are as given in Figure 7a. In order to study the effect of mobility only, we assume
that no vaccination is continued during September and October. For the no-lockdown case,
we set the mobility as the average mobility under the no-lockdown scenario (µ = 0.67),
and for a lockdown week, we set the (µ = 0.34) as explained in the Methodology section.
The results are as seen in Figure 7a. These are generated for the universal single N95
mask-use case.

(a) (b)

(c) (d)

(e)
Figure 7. Projections of the proposed SEQIJRDS model under different interventions. (a) Comparing
mortality under different mobility-related health interventions. (b) Graphs showing the effect of
vaccination on future mortality. (c) Graphs comparing different levels of quarantine and contact
tracing effect on mortality. (d) Comparison of mortality under different mask-use case scenarios.
(e) Comparison of hospital resource usage under different scenarios.
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We will compare the deaths at the end of November in this analysis. So, as evident
from Figure 7a, 420 (16,409–15,989) deaths can be avoided by the end of November just
by locking down for the first week of September. The difference in death reduction for
a 1-week increment of lockdown period remains almost the same—around 400—as is
evident from Figure 7a. This indicates the very high requirement for implementing the
entire-country lockdown at least for the first 3 weeks. The total number of deaths which
can be averted by locking down for 3 weeks is 1289 (16,409–15,120). So, this period of
3 weeks can be set as the minimum lockdown period since it can avoid a massacre of
human lives. However, if the lockdown can be continued until the sixth week continuously,
an additional 1258 (15,120–13,862) people’s lives can be saved at the end of November,
which is a significant number of human lives. So, in total, 2547 lives can be saved by locking
down the country for six weeks. Therefore, the recommended period of lockdown can
be inferred as 6 weeks. It is very clear that continuing locking down into the 7th and 8th
weeks saves 795 (13,862–13,067) more human lives. Even though this number of human
lives matters, considering the negative impact on the economy, education, mental health,
etc., the government may not implement a lockdown in last 2 weeks of October.

3.3.2. Effect of Vaccination

We project the number of deaths using the proposed SEQIJRDS model under two
scenarios. One of them is continuing vaccination for the next two months only. Here, we
consider that the overall vaccination rate and efficacy for the projected months will be
the same as for the month of September (η = 0.01179, PS = 0.75). The other case is stopping
the vaccination for the next 2 months. In order to study the effect of vaccination only, we
assume that no lockdown is implemented during September and October. The results are
as seen in Figure 7b. These are generated for the universal single N95 mask-use case.

So, as is evident from Figure 7b, 3226 (17,374–14,148) people’s lives can be saved if Sri
Lanka continues the current process of vaccination without implementing any lockdown
for the next 2 months, and if they do not change the existing quarantine and contact tracing
rate. Continuing vaccination is, therefore, important for October and November, as it saves
even more lives than locking down the country alone for 6 weeks, which can save only
2547 lives.

3.3.3. Effect of Contact Tracing and Quarantine

We project the number of deaths using the proposed SEQIJRDS model under three
scenarios to study the effect of contact tracing and quarantine. One of them is a 50%
enhancement of the existing contact tracing process for the next two months (γ0 = 0.333).
The second one is a 100% enhancement (doubling) of contact tracing and quarantining
(γ0 = 0.44) for the next two months. In order to study the effect of contact tracing only,
we assume that no lockdown is implemented and that vaccinations are stopped during
September and October. The results are as given in Figure 7c. These are generated for the
universal single N95 mask-use case.

So, as is evident from Figure 7c, 2185 (17,391–15,206) people’s lives can be saved by
the end of November if Sri Lanka enhances the current process of quarantine and contact
tracing by 50% for the next 2 months. On the other hand; 1851 (15,206–13,355) additional
lives can be saved by doubling existing quarantine measures for 2 months, resulting in
a total of 4036 lives saved; this is higher than the number of lives saved for each of the
6-week lockdowns or by continuing vaccinations alone. However, the implementation of
such measures is difficult and requires additional government resources.
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3.3.4. Effect of Mask Use

The transmission probability in Equation (17) can be varied by the percentage of the
population wearing masks. For projections of the previous sections, scenarios which each
person of the whole population wearing a single N95 mask when they interact with each
other were considered. Since the filtration capability of a N95 mask is 95%, the transmission
probability is reduced by a factor of 0.05 by wearing a N95 mask. However, as there can be
a group of people who cannot wear a mask under certain scenarios, the value of M can vary
from 0.05. Figure 7d shows the mortality projections under different mask-use cases. We
consider four scenarios here. The first one is with the whole population wearing two N95
masks. According to the study conducted in [70], wearing two masks increases the filtration
efficiency by 10% of the filtration efficiency of a single mask. Thus, wearing two N95 masks
increases the filtration efficiency to 99%, decreasing the value of M to 0.01 (N = 1, FE1 = 0.99,
mask f raction1 = 1.0 in Equation (18)). The second scenario is the typical case, which we
call the universal single N95 mask-use case. In this case, the whole population wears a
single N95 mask, setting M to 0.05 (N = 1, FE1 = 0.95, mask f raction1 = 1.0 in Equation (18)).
The third scenario is a practical scenario, where 10% of the population does not wear a
mask, while 90% of the population does wear N95 masks, increasing the value of M to
0.145, calculated using Equation (18) (N = 2, FE1 = 0.0,FE2 = 0.95, mask f raction1 = 0.1,
mask f raction2 = 0.90 in Equation (18)). The fourth scenario is with an equal percentage
of the population (33.3%) wearing N95, surgical, or cloth masks, resulting in a value of
0.31 for M, calculated using Equation (18) (N = 3, FE1 = 0.95, FE2 = 0.88, FE3 = 0.23, mask
f raction1 = mask f raction2 = mask f raction3 = 0.33 in Equation (18)). Here, we considered a
maximum filtration efficiency of 0.88 and 0.23 for surgical and cloth masks, respectively [45].
In these simulations, we assume that vaccination is stopped, no lockdown is implemented,
and existing quarantine measures are continued for the next two months.

According to the result in Figure 7d, if the whole population wears 2 N95 masks for
the next 2 months, the total deaths can be limited to 9880 by the beginning of December. A
total of 7523 deaths (17,403–9,880) can be saved by the beginning of December if the whole
population adheres to such a health practice, compared to whole population wearing a
single N95 mask. However, in reality, such practices are difficult, and people are sometimes
reluctant to wear even one mask. It has been reported that wearing multiple masks reduces
breathing ability [70]. Therefore, such a reduction in death is ideal as such a scenario is
difficult to be expected to be put into practice. As seen in the red graph in Figure 7d, 3954
(21,357–17,403) additional deaths can occur in the case where 10% of the population refrain
from wearing any mask, compared to the universal single N95 mask-use case. The black
graph in Figure 7d shows the worst-case scenario that can occur in Sri Lanka, as it has the
highest probable death count under no public health intervention scenario. In such as case,
deaths can be high as 22,546 by the beginning of December. The equal-percentage-use of
three types of masks and wearing two N95 masks are the two extreme ends of mask-use
scenarios. The intermediate case is the universal single N95 mask-use case, which has
a moderate death count of 17,403 with no interventions implemented for the next two
months. The gap between the universal single N95 mask-use case and the universal double
N95 mask-use case is higher than that between the universal single N95 mask-use case
and the equal-percentage-use of different mask types. Therefore, the general public must
understand the importance of mask use in controlling the spread of the virus since mask
use has a high impact on the death count, as evident from Figure 7d.
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3.4. Hospital Resource Usage Projections

Another important parameter when making decisions is the hospital resource demand,
which can be measured by in-ward patients for COVID-19. Sri Lanka has a total of 670 ICU
(intensive care unit) beds, and we assume that 300 of said ICU beds are readily available
to cater to critical COVID-19 patients, similar to the research conducted in [27]. However,
depending on the number of patients requiring intensive care for other diseases, a part
of the remaining 470 beds can also be allocated for COVID-19 patients from time to time.
Therefore, we consider 300 ICU beds as the safe limit and 670 as the extreme limit of
ICU beds for COVID-19 in Sri Lanka. We further assume that 5% of COVID-19 in-ward
patients require ICU beds, similar to the research conducted in [27]. We project the ICU
bed requirement under the different public health intervention scenarios given below.

• Scenario 1—No lockdown, stop vaccinations for the next two months;
• Scenario 2—One month lockdown only, continue vaccination one month and stop;
• Scenario 3—Two month lockdown, continue vaccination for two months.

ICU bed projections from the proposed SEQIJRDS model under different health inter-
ventions are given in Figure 7e.

It can be observed that, as seen from Figure 7e, scenario 1, which does not implement
any intervention, will worsen the pandemic by the beginning of October 2021, with a peak
requirement of 5004 ICU beds, and it will be reduced significantly by the beginning of
December to a 3602 ICU-bed requirement. Therefore, under scenario 1, the hospital’s ICU
extreme bed limit will be always exceeded, and the hospital system will fail due to not
being able to cater to the demand for the ICU bed requirement for COVID-19 patients.
Using scenario 2, the disease can be controlled to some extent from early October to late
October. Still, however, scenario 2 has always exceeded the safe limit of ICU beds (300).
Towards beginning of November and later on, scenario 2 will also fail. Only scenario 3
can satisfactorily control the disease by getting the ICU bed requirement below the safe
limit by early October and maintaining that condition there onward until the beginning
of December. This result emphasizes the requirement for the continuation of vaccination
and lockdowns for the next two months, in order to prevent the hospital system’s failure to
provide ICU beds for critical COVID-19 patients.

3.5. Interpretation of Public Health Interventions

In previous sections, we have noticed how each lockdown, vaccination, quarantine
measures, and mask use individually affect the future mortality. Now, let us derive the rec-
ommendations based on those results. Here, we will combine lockdown interventions with
vaccination, quarantine, and mask-use interventions to obtain different recommendations.
We will form three recommendations as follows.

• Minimum Recommendation —three-week lockdown, continue vaccination for one month,
continue existing quarantine and contact tracing, and universal single N95 mask use;

• Sub-optimum Recommendation—six-week lockdown, continue vaccination for two months,
continue existing quarantine measures, and universal single N95 mask use;

• Optimum Recommendation—entire two-month lockdown, continue vaccination for two
months, 50% increment of quarantine measures, and universal N95 double mask use.

We will now compare the parameter daily deaths for the above three recommendations
against the worst case of no lockdowns, stopping vaccinations, continuing existing quar-
antine measures, and an equal percentage of population wearing of three types of masks.
The daily death projections for the worst case and each of the three recommendations are
shown in Figure 8.
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Figure 8. Comparison of daily death projections of the proposed SEQIJRDS model under different
public health interventions.

It is evident from Figure 8 that the daily deaths for the month of September are
comparatively low for all the recommendations, except for the worst case. However, for the
minimum recommendation, the daily deaths gradually approach closer to half of the level
of the worst case by the end of November. Therefore, if the minimum recommendation is
implemented, there will be an additional requirement to impose another lockdown before
December to prevent the rise in daily deaths and total death count. On the other hand,
the optimum solution not only will be able to reduce the number of deaths, but will also
successfully prevent the further spread of the disease by the beginning of December. As
seen from the results in Figure 8, for the sub-optimum recommendation, a decreasing
daily death rate can be observed, similar to the optimum solution, and indeed, the daily
death count approaches that of the optimum solution by mid-October. However, the sub-
optimum solution cannot completely prevent the spread of the virus, as an increasing trend
of daily deaths can be observed towards the beginning of December. Nevertheless, the
death savings by the sub-optimum solution is much higher compared to the minimum
recommendation, as a large gap between the daily deaths can be observed between the
two types of recommendations. Further, a small difference between the optimum and
sub-optimum solutions can be observed. Therefore, considering the negative impacts that
are caused due to public health interventions on numerous sectors such as the economy,
education, mental health, etc., government may consider implementing the sub-optimum
solution instead of the optimum solution. We categorize it as the optimum solution only
by considering the number of deaths and death rate. However, as mentioned, the sub-
optimum recommendation may be more appropriate when considering other negative
impacts from COVID-19.
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4. Discussion
4.1. Interpretation of Model Validation

The SMDs are 0.23, 0.12, and 0.38 for the infected people projection, the total death
projection, and the daily deaths projection of the proposed SEQIJRDS model, respectively.
These low values indicate that the effect of the difference between the ground truth values
and the proposed SEQIJRDS model’s projections are small. In other words, the projections
track the ground truth values well. A previous fact is confirmed by the least MAPE of
the proposed SEQIJRDS model at the end of 2, 6, 8, 10, and 12 weeks. Even though the
MAPE for the first 4 weeks is slightly higher than that of both the SEIR and SIR models,
that MAPE is still acceptable for short-term forecasting. Therefore, the accuracy of the
proposed SEQIJRDS model is sufficient to decide on the public health interventions in Sri
Lanka related to COVID-19.

4.1.1. Limitations of the Model and Future Work

The model has been validated and used to obtain projections for the COVID-19
pandemic in Sri Lanka. We hope to test the model for the COVID-19 pandemic in other
countries in the future. The model does not take the following factors into consideration;
they remain to be addressed by future works.

Dependence of Death Fraction

The proposed model assumes a mean death fraction without considering variations in
gender and age.

Population Density as a Contributor for β

The model could represent a node in a graph of nodes which could be summed to
obtain the final output for a local region. For instance, for Sri Lanka, a graph of nodes
representing districts with different population densities could be simulated and summed
to obtain the final output at the end. In such a scenario, inter-node travel should also
be considered, and a model can thereby become complex and erroneous. Based on the
non-availability of the exact populations in districts, and the non-availability of COVID-19
data and mobility data divided across districts, we refrain from modeling in this procedure.

5. Conclusions

This paper presented a mathematical epidemiological model, called SEQIJRDS, having
additional compartments for quarantined and infected populations, divided into two
compartments as diagnosed and non diagnosed, compared to the SEIR model. This model
considers the effect of vaccination, of mobility, of mask use, of quarantining, of the viral load
of the variants, the immunity waning effect, and the effect of natural immunity development
of the infected people. Once the hyperparameters are learned and tuned, according to the
validation results, the proposed SEQIJRDS model can project hospitalized infected people,
cumulative deaths, and daily deaths with a 12-week SMD of 0.24, 0.13, 0.40, and 12-week
MAPE of 12.35, 3.78, and 19.48, respectively. Thus, the 12-week projection performance is
significantly better than both the SEIR and SIR models, while the 2-, 6-, 8-, and 10-week
projection performances were also always better than the SEIR and SIR models. Further,
the 4-week performance is only slightly inferior to that of the SEIR and SIR models. Hence,
the proposed SEQIJRDS model is highly suitable for forecasting mortality and the number
of hospitalized infected people to decide on public health interventions, both in the short
and long terms. Locking down the country (decreasing mobility), continuing vaccination,
increment of quarantining resources, and proper mask use were experimentally proved to
decrease cumulative deaths over the long term. It is also evident from the variables of the
mathematically derived basic reproduction number (R0) of the proposed SEQIJRDS model
that preceding factors decrease the spread of the disease, thereby reducing the number of
deaths. When considering the current situation of Sri Lanka, according to the projections
of the proposed SEQIJRDS model and comparing other impacts on the country, the best
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intervention is the sub-optimum solution, that is, to lockdown the country for the entirety of
September and for two more weeks in October 2021, while also continuing the vaccination
process, continuing the existing quarantine measures, and with universal single N95 mask
use. This intervention can result in a drastic reduction in both the cumulative deaths and
the death rate, according to the projections of the proposed SEQIJRDS model.
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