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ABSTRACT

The emergence of a pandemic disease often presents unforeseen challenges to the
global healthcare system, particularly affecting low and middle-income nations like
Nepal. Mathematical modeling of infectious diseases helps to predict and understand
the dynamics of the diseases enabling the implementation of efficient public health
interventions and resources allocation. This contributes to evidence-based policy de-
cisions to mitigate a pandemic. Despite worldwide efforts and vaccine development,
the COVID-19 pandemic has had devastating global impacts varying significantly
from one country to another, making country-specific studies essential for a deeper
understanding of the disease and its control strategies. This dissertation presents
novel mathematical models designed to comprehensively analyze COVID-19 trans-
mission dynamics. Our models have been rigorously validated with multiple datasets,

enhancing their reliability and validity.

Our mathematical model for the first wave of COVID-19 in higher dimensional sys-
tems, characterized by non-linear ordinary differential equations, possesses a signifi-
cant capability to assess the count of returnees, particularly those crossing the open
border between Nepal and India. To estimate the temporal pattern of the returnees,
we enhance the system by introducing non-autonomous features. By using the Next
Generation Matrix Method, we calculate the Basic Reproduction Number (Ry) and
Effective Reproduction number which successfully predict the bifurcating nature of
diseases trajectories. By taking advantage of this model, we evaluate the effectiveness
of various control measures implemented during the first wave of the pandemic in
Nepal. We specifically investigate the impact of three key intervention policies en-
acted during the first wave of COVID-19 in Nepal: the 1st Lockdown, the 2nd Border
Screening and Quarantine, and the 3rd Detection and Isolation. Our findings uncover

their effectiveness in the mitigation of COVID-19 transmission in Nepal.

In addition, we focus on the Delta variant dominated second wave of COVID-19
in Nepal. We shed light on the transmission dynamics and seroprevalence associated
with this highly transmissible variant. Furthermore, we estimate the expected burden
on medical resources, including ICU beds and ventilators, in Nepal, providing crucial
insights for healthcare preparedness. Additionally, we investigate vaccination pro-
grams and the gradual relaxation of lockdown measures as prospective pandemic con-
trol methods, which are especially important in resource-limited country like Nepal,
where good healthcare management is critical. Our work demonstrates that our math-

ematical model successfully predicted the seroprevalence during the Delta surge with
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estimates closely matching the results obtained by the government through a nation-
wide seroprevalence survey. This finding demonstrates the model’s ability, reliability
and effectiveness in tracking and understanding disease dynamics, which is crucial
for public health planning and response during infectious disease outbreaks. It also
highlights the potential for mathematical modeling to complement and authenticate
real-world data collection efforts, improving our ability to assess and manage public

health crises.

We also develop the data-driven models for the estimation of real-time risk of infec-
tion and hospitalization during a pandemic. Our probabilistic model for estimation
of the risk of infection incorporates susceptible populations, active infectious cases,
contact patterns of people, and the effective reproduction number. It offers a more
precise description of pandemic’s transmission patterns that can be achieved solely
through the reproduction number. We also use Maximum Likelihood Function to
construct the mathematical model for estimating the rate of the temporal pattern of
hospitalization during a pandemic. These models are applied to unique datasets of
new COVID-19 cases and hospitalization cases in Nepal including its seven provinces,
enabling us to assess disease transmission and efficiently manage healthcare resources
to minimize the pandemic’s burden. These data-driven models introduce innovative
techniques and yield exciting results that advance our understanding of the risk of
infection and hospitalization during a pandemic. These findings hold the potential
to inform guidelines and strategies for pandemic control, particularly in the face of
catastrophic outbreaks. Our biologically realistic models, data integration methods,
and probabilistic approaches contribute to the broader scientific fields encompassing

life sciences, mathematics, and computational science.

Keywords: COVID-19, Nepal, Risk of Infection, Hospitalization, Vaccination,
Data Driven Mathematical Models.
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CHAPTER 1

INTRODUCTION

1.1 Context and Motivation

Since the first reported case in China in December 2019 as a case of pneumonia of
unknown cause, the novel coronavirus disease (COVID-19) has spread rapidly all over
the world, and on March 11, 2020, the World Health Organization (WHO) declared
COVID-19 a pandemic [I75]. As of September 15, 2023, more than 695 million cases
of COVID-19 and more than 6 million deaths due to the disease have been reported
worldwide [202]. Despite its global devastating effects on all aspects of human lives,

the impact of the epidemic varies from country to country [96].

In Nepal, the first case of COVID-19 was confirmed on January 23, 2020, which was
also the first COVID-19 case in South Asia [120]. Specifically, the second and third
waves with the circulating Delta and Omicron variants, respectively, swept across the
country from the beginning of April 2021, resulting in one million cases and 12,019
deaths [122] until December 1, 2022. During the peak of the second wave of COVID-19
(end of May, 2021), Nepal experienced a terrifying shortage of hospital beds, ICU beds,
ventilators, and oxygen cylinders, which resulted in a loss of potentially preventable
lives [23], 2§].

Mathematical modeling of infectious diseases plays a pivotal role in public health and
epidemiology [4) [44] [133] 136]. It provides invaluable insights into the dynamics of
disease transmission, aiding in prediction, resource allocation, and decision-making
[158, 159]. By utilizing data, mathematical models enable policymakers to anticipate
the course of an outbreak, allocate healthcare resources efficiently, and assess the
effectiveness of various interventions such as social distancing and vaccination cam-

paigns [144], 164}, [177]. Models also enhance our understanding of how diseases spread
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Figure 1: Daily reported COVID-19 new cases & deaths in the world from 22 January,
2020 to 21 October, 2023.
Data source https://www.worldometers.info/coronavirus/

within populations, helping us identify critical factors like reproduction number, the
role of asymptomatic carriers and effectiveness of control measures [3, [173]. Moreover,
mathematical modeling guides the vaccine development and distribution strategies,
facilitates data interpretation, and supports scenario planning [35]. Through contin-
uous refinement and adaptation, these models contribute significantly to our ability
to manage and mitigate the impact of infectious diseases, ultimately saving lives and

reducing the societal and economic burden of outbreaks.

Mathematical modeling has become an integral component of the strategic planning
process employed by governments worldwide in response to recent outbreaks. A no-

table example is the UK Department of Health’s well-established committee, the


https://www.worldometers.info/coronavirus/

Scientific Pandemic Influenza Group on Modeling (SPI-M), which offers guidance on
novel respiratory infections [36] 52, 53]. A significant historical instance of such appli-
cation occurred during the 2009 HIN1 pandemic, where the World Health Organiza-
tion established a network comprising modeling groups and public health experts to
delve into various facets of the outbreak [33] [129] [182]. These endeavors encompassed
activities ranging from characterizing outbreak dynamics to assessing the efficacy of
diverse intervention strategies. The incorporation of mathematical approaches into
policy formulation underscores the invaluable insights that modeling and statistical
analyses can contribute to understanding and effectively addressing public health

crises.

Mathematical modeling of COVID-19 serves as a powerful tool to understand and
combat the virus’s impact on developing countries like Nepal. Nepal’s unique chal-
lenges require tailored strategies, and mathematical models provide a scientific foun-
dation for decision-making. These models can provide insight to researchers and
policymakers to explore various scenarios, helping to optimize the distribution of
healthcare resources and vaccines. Modeling can help optimize resource allocation,
identify vulnerable populations, and inform evidence-based policy decisions. More-
over, in situations where data collection and reporting may be challenging, mathemat-
ical models can fill data gaps and provide valuable estimates of disease transmission.
By contributing to a more nuanced understanding of COVID-19’s dynamics in Nepal,
mathematical modeling empowers the country to devise targeted interventions and
policies that address its specific needs, ultimately aiding in the control and manage-

ment of the pandemic.

1.2 Mathematical Modeling of the Biological Sys-
tem

It is important to understand that mathematical representations of systems are similar
to snapshots. No single image can capture the entire scenario [75, [162]. Mathematical
models serve as simplified, idealized, and approximate representations of the structure,
mechanisms, and behavior of real-world systems [82] [112]. Scientific representations
involve abstractions or idealizations, expressing only partial elements of humans or
systems [I15]. We should be aware that when we model something mathematically,
we are simplifying a complicated biological reality. This acknowledgment emphasizes

that there is no single mathematical model to accurately represent the variety of a



biological system [56, [82].

1.2.1 Philosophy of Mathematical Modeling

Universalism and pluralism are two contrasting philosophies of mathematical model-
ing that shape how mathematicians and scientists approach the development and use

of mathematical models in various fields [T198] [199].

1.2.1.1 Universalism

Universalism is a philosophy of mathematical modeling that emphasizes the idea that
there exists a single, universal mathematical framework or language that can de-
scribe and explain all natural phenomena [165]. Proponents of universalism argue
that mathematics is a unified and coherent system that provides a consistent and
objective representation of reality [75]. They believe that there is a “best” or “opti-
mal” mathematical model for any given problem or phenomenon, and the goal is to

discover and use this model.

Key Features of Universalism
Unity of Mathematics: Universalists believe in the unity of mathematics, sug-
gesting that the same mathematical principles and structures apply across different

domains of science and engineering [75].

Search for Fundamental Laws: They seek fundamental mathematical laws and

equations that govern the behavior of complex systems and phenomena [148].

Reductionism: Universalists often adopt a reductionist approach, breaking down
complex problems into simpler mathematical components to understand them com-

prehensively [181].

1.2.1.2 Pluralism

Pluralism, on the other hand, is a philosophy of mathematical modeling that accepts
and even embraces the existence of multiple mathematical frameworks, languages, or
models to describe and explain different aspects of reality [8, [75, [1T5]. Proponents of
pluralism argue that no single mathematical model can capture the full complexity
of the natural world, and different models may be suitable for different purposes and

contexts. They emphasize the importance of diversity in mathematical approaches



and tools [50].
Key Features of Pluralism

Diversity of Models: Pluralists advocate for the development and use of diverse
mathematical models that may vary in their assumptions, simplifications, and method-
ologies [115].

Context-Dependent: They believe that the choice of mathematical model should
be context-dependent, based on the specific goals, data availability, and practical

constraints of a problem.

Interdisciplinary Approach: Pluralism often encourages collaboration between
experts from various disciplines who bring different mathematical perspectives to

solve complex problems.

1.2.2 Key Features of Mathematical Modeling

There are three fundamental aspects of mathematical modeling: (i) the formulation
of models, (ii) the analysis of models, and (iii) the fitting or comparison
of models to data [75].

The first aspect of mathematical modeling, formulation, involves constructing equa-
tions or algorithms that represent the behavior of biological systems. Secondly, the
analysis of models involves examining their mathematical properties and behaviors
using techniques from various mathematical fields. However, recent research has dis-
proportionately focused on model analysis at the expense of creating new models,
potentially limiting our ability to fully understand the complexities of biological sys-
tems. A balanced approach is crucial for the advancement of mathematical biology
[35].

The third crucial aspect of mathematical modeling in biological systems is fitting
or comparing mathematical models to data. This process involves several phases
[12, [47, (70, [112].

Data Collection: Relevant data representing the biological system’s behavior is

collected through experiments or observations.

Estimation of Parameters: Parameters within mathematical models, which govern

the system’s behavior, are determined to best match observed data.



Model Validation: After achieving a satisfactory fit, the model’s predictive ability

is validated on new data to build confidence in its validity.

Model Selection: In cases with multiple competing models, researchers compare
them using criteria like AIC or Bayesian model comparison to determine the best fit

and complexity.

Uncertainty and Sensitivity Analysis: The uncertainties in both data and model
parameters are considered, and sensitivity analysis helps identify which parameters

have the most significant impact on model behavior and predictions.

1.3 Coronavirus

Coronaviruses, distinguished by their distinctive crown-like spikes visible under an
electron microscope, belong to a family of large, enveloped, single-stranded RNA
viruses. They are found in various mammalian species, including humans, dogs,
cats, chickens, cattle, pigs, and birds. Coronaviruses are responsible for a range
of diseases affecting the respiratory, gastrointestinal, and neurological systems. In
clinical practice, the most frequently encountered Coronaviruses are 229E, OC43,
NL63, and HKU1, typically cause mild cold symptoms in individuals with a competent

immune system [208].



spike glycoprotein (S) \ % w membrane protein (M)

nucleoprotein (N)

genomic RNA

envelope small membrane protein (E)

Figure 2: Schematic diagram of Coronavirus. Source: https://www.britannica.com/
science/coronavirus-virus-group

Notably, SARS-CoV-2 marks the third instance in the past two decades where a
coronavirus has caused severe disease on a global scale. The first such occurrence was
the emergence of Severe Acute Respiratory Syndrome (SARS) in 2002-2003, believed
to have originated in Foshan, China, and resulted in the SARS-CoV pandemic of that
period [207]. Subsequently, the second severe coronavirus-induced disease emerged as
the Middle East Respiratory Syndrome (MERS) in 2012, originating in the Arabian
Peninsula [20§].

1.4 COVID-19 in Nepal

1.4.1 Early Detection of COVID-19 Cases in Nepal

The first case of SARS-CoV-2 infection in Nepal was documented on January 23,
2020, involving a Nepalese individual who had recently arrived in Kathmandu from
Wuhan, China [96].


https://www.britannica.com/science/coronavirus-virus-group 
https://www.britannica.com/science/coronavirus-virus-group 

1.4.2 The Initial Response of the Government of Nepal to
COVID-19

The Ministry of Health and Population (MoHP) promptly initiated decisive actions
to enhance the country’s response in preventing the transmission of the virus [96].
These actions primarily involved strengthening health desks at Tribhuvan Interna-
tional Airport and subsequently at other domestic airports. Furthermore, additional
health desks were established at the key entry points along the Nepal-China and
Nepal-India borders. Travel restrictions were implemented on both sides of these
border areas [11§].

In addition to these initial measures, the Government of Nepal (GoN) undertook ef-
forts to repatriate Nepalese nationals from Wuhan, China, resulting in the safe return
of 175 Nepalese citizens. These individuals were subjected to a 14-day quarantine
period and were allowed to return to their homes only after testing negative for the
virus. To enhance the response, the MoHP activated the Incident Command System
(ICS) and established the Health Emergency Operation Center (HEOC), coordinating

comprehensive efforts to combat the virus [21].

On 2nd March 2020, the High-Level Coordination Committee (HLCC), under the
leadership of the Deputy Prime Minister, was established. The HLCC subsequently
made a series of pivotal decisions aimed at curtailing the spread of COVID-19 [11§].

1.4.3 Detection of a Second Case and Announcement of Lock-
down

Until March 17, 2020, there were no reported cases. However, on that date, a Nepalese
individual returning from France was identified as carrying the virus [I18]. The ab-
sence of detected cases between January 23, 2020, and March 17, 2020, raised concerns
about the country’s diagnostic capabilities. In response, on March 18, 2020, schools

were shut down, and gatherings exceeding 25 people were discouraged [118§].

Further measures were implemented by the Government of Nepal in subsequent days.
On March 22, 2020, all international flights were prohibited, and the operations of
nonessential businesses and domestic long-distance transportation were suspended.
By March 23, 2020, international borders were completely closed. A nationwide
lockdown was declared from March 24, 2020, to July 21, 2020. This lockdown included

a ban on both domestic and international travel, closure of borders, and the shutdown



of nonessential services. During the initial phase of the nationwide lockdown, which
began on March 24, 2020, there were only two recorded COVID-19 cases with no

reported fatalities [118].
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Figure 3: Daily reported COVID-19 new cases & deaths in Nepal from 23 January, 2020

to 30 December, 2022.

Data source https://www.worldometers.info/coronavirus/
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Figure 4: Map illustrating different surges of the Coronavirus entering Nepal [131].

1.4.4 The Second Wave (Delta) of COVID-19 in Nepal

In March 2021, the World Health Organization identified the new Delta variant,
characterized as more virulent and infectious, first emerging in India [91]. During the
spring, a substantial number of people gathered in the streets for political campaigns
leading up to the May 2021 election. Additionally, the congregation for seasonal
weddings and festivals added to the already large gatherings. In mid-April, amid
a rising number of COVID-19 cases in India, an estimated 50,000 Nepali pilgrims
traveled to northern India for Kumbha Mela, a Hindu festive gathering that typically
attracts millions [44] 91]. Unfortunately, many of the pilgrims contracted COVID-19,

potentially sparking the onset of the second wave in Nepal.

The second wave commenced in April 2021, with cases peaking in May. On May
11, 2021, the average daily case count reached 9,317, and daily deaths peaked at
approximately 246. These figures closely aligned with the situation in India, where
the Delta variant contributed to a surge, setting a global record with 414,188 cases
recorded on May 6, 2021.

1.4.5 The Third Wave (Omicron) of COVID-19 in Nepal

From the peak of the second wave on May 11, 2021, the daily number of new cases
began to decrease, marking a decline that extended into December 2021. On De-

cember 6, 2021, Nepal reported the presence of the Omicron (B.1.1.529) variant, just

10



two weeks after its initial identification in South Africa on November 24, 2021. The
emergence of the Omicron variant triggered a notable increase in daily new cases,
reaching a peak on January 20, 2022, with a record of over 10,000 cases MOHP2021.
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1.5 Objectives of the Study

Mathematical modeling using epidemiological data can help policymakers to under-
stand the impact of the various control strategies on transmission of the diseases and
determine the effective control strategies. Despite the global devastating effects of
COVID-19 on all aspects of human lives, the impact of the epidemic varies in dif-
ferent countries. Also, the study focused on a specific country can provide a better
understanding of the disease and its control strategies. In this context, the main

objectives of this study are:

e To develop a mathematical model and analyze transmission dynamics of COVID-
19.

e To study the spatial heterogeneity of the transmission dynamics of COVID-19.

e To study the transmission dynamics of COVID-19 in Nepal and assess the pos-
sible control measures of COVID-19.

e To fit the mathematical model of COVID-19 with available data for the estima-
tion of key parameters including basic reproduction number Ry and the effective

reproduction number R;.

1.6 Literature Review

The use of mathematical modeling in the transmission dynamics of complex diseases
has a rich and evolving history. Complex diseases are those that involve intricate
interactions among various factors, including pathogens, hosts, and environmental
conditions. Modeling these dynamics is crucial for understanding disease spread,
designing effective control strategies, and predicting future outbreaks. The historical

development of mathematical modeling in this field can be outlined as follows:

1.6.1 Early Epidemic Modeling (18th and 19th centuries)

The earliest attempts at modeling disease transmission can be traced back to the 18th
century. Daniel Bernoulli’s work on smallpox vaccination in the 1760s |25, 35, 67] fol-
lowed in 1766 by a more complete exposition [24,[35] and Benjamin Gompertz’s logistic

growth model in the early 19th century were among the pioneering efforts. These early
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models laid the groundwork for understanding the basic principles of epidemic spread
[7]. En’ko creates a transmission model essentially from “first principles,” i.e., based
on some presumptions but without using previously published theory. He described
the epidemics of measles and scarlet fever outbreaks occurred in two St. Petersburg
boarding schools in 1875 and 1888 [63,[67]. In the 19th century, John Snow’s investiga-
tion of the 1855 cholera epidemic in London pinpointed the Broad Street water pump
as the infection source. Similarly, William Budd’s work in 1873 revealed insights into
typhoid transmission. Meanwhile, William Farr’s 1840 study aimed to uncover the

underlying laws governing epidemic rise and fall through statistical analysis [35].

W.H. Hamer offered a crucial hypothesis in 1906, asserting that the number of suscep-
tible and infectious individuals influences how quickly an illness spreads [77]. In order
to represent the frequency of new infections, he developed the idea of a mass action
law, which has since grown to be an essential component of compartmental models. It
is interesting that, between 1900 and 1935, prominent public health physicians such
as Sir R.A. Ross, W.H. Hamer, A.G. McKendrick, and W.O. Kermack formulated the
fundamental concepts of compartmental epidemiology rather than mathematicians
[35], 67].

1.6.2 Compartmental Models (20th century)

The 20th century witnessed significant advancements in mathematical epidemiology.
Major contributors to this field include Sir Ronald Ross [I51) 152], who developed
models for malaria transmission and awarded the second Nobel Prize in Medicine in
1902 for his demonstration of the dynamics of the transmission of malaria between
mosquitoes and humans [35]. In 1911, Sir Ronald Ross developed a fundamental com-
partmental model that included both people and mosquitoes. The model illustrated
the control of transmission by reducing mosquito populations below a critical thresh-
old. It also introduced the concept of the fundamental reproduction number, which

has remained a cornerstone in mathematical epidemiology ever since.

The first complete mathematical model for the infectious diseases which received the
attention in the literature deterministic compartmental epidemic model in 1927 by
Kermack-McKendrick [89, 95, [04] 93| 117] and Soper [163]. These models divided
the population into compartments (e.g., susceptible, infected, and recovered) and
used differential equations to describe how individuals moved between these states.

The SIR (Susceptible-Infectious-Recovered) model became a fundamental tool for
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modeling infectious disease dynamics. The basic reproduction number, now almost
commonly indicated by Ry, is a threshold quantity in the work of Ross, Kermack, and
McKendrick. This threshold quantity was not named or specified by Ross, Kermack,
or McKendrick. It appears that MacDonald [I10], in his study on malaria, was the
first to specifically designate the threshold quantity.

The Kermack-McKendrick model has limitations in describing disease outbreaks be-
cause it assumes homogeneous mixing within compartments, which doesn’t hold at
the outbreak’s start. Instead, a different model is needed to consider the stochastic
nature of infection transmission, influenced by the initial small number of infective

individuals and contact patterns within the population.

1.6.3 Stochastic Models (Middle of 20th Century)

Small populations pose challenges for deterministic models since infection spread is
inherently random. Consequently, stochastic models play a crucial role in disease
transmission modeling. The historical roots of stochastic epidemic modeling can be
traced back to the late 19th century when P.D. En’ko’s work in 1889 anticipated the
stochastic nature of disease transmission [67]. In 1928, W.H. Frost introduced the
chain binomial model, a seminal stochastic epidemic model [80]. Although the model
was described in lectures at that time, it wasn’t published until later [67]. This model
laid the foundation for understanding stochastic elements in disease spread. Karl
Dietz played a pivotal role in acknowledging the historical significance of P.D. En’ko’s
ideas, highlighting the early recognition of stochastic concepts in epidemiology [67].
M. Greenwood proposed an alternative version of the chain binomial model in 1931,
offering a different perspective within the stochastic epidemic modeling framework .
Stochastic epidemic modeling has continued to evolve, witnessing numerous extensions
and modernization. D.J. Daley and J. Gani’s book in 1999 provides a comprehensive
account of some of the more recent developments in the field [70]. To further refine
the understanding of stochastic disease transmission, Bartlett described a stochastic

analog of the classic Kermack-McKendrick epidemic model in 1949 [35].
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1.6.4 Computational Methods and Data-Driven Models (Use
of Machine Learning and Artificial Intelligence)

With the advent of powerful computers and the availability of extensive data, mathe-
matical epidemiology shifted towards more data-driven and computationally intensive
approaches [72, [157]. Machine learning algorithms play a crucial role in enhancing in-
fectious disease control by enabling precise spatial and temporal predictions of disease
dynamics [200]. These algorithms are extremely important for processing extensive
and complex datasets, uncovering intricate patterns, and identifying trends that might
be escaped from human observations. Because of this, they are very suitable for fore-
casting infectious diseases, considering the complex interactions between variables
such as human behaviors, environmental conditions, and population demographics.
Many research that have used machine learning approaches to predict infectious dis-
eases have shown promising results in recent years. [Il 5], @, [I1]. However, a primary
challenge in utilizing machine learning for disease prediction pertains to the availabil-
ity of high-quality, comprehensive data. Infectious disease surveillance systems collect
data encompassing various factors, including reported case counts, outbreak locations,
and infected individuals’ demographics. Nonetheless, these datasets frequently suffer
from incompleteness, bias, and noise, impacting machine learning model performance.
To surmount these challenges, researchers have deployed a spectrum of machine learn-
ing algorithms, including decision trees, random forests, support vector machines, and
deep-learning networks, applied across diverse data sources such as electronic health
records, genomics, and social media posts [0, [104]. Overall, the study findings demon-
strate that machine learning algorithms excel in accurately predicting infectious dis-
ease spread and onset, rivaling or surpassing traditional statistical methods. Examples
of successful machine learning applications include forecasting disease case numbers
based on historical and current data, identifying outbreak sources using pathogen
genetics and infection patterns, and assessing an individual’s risk of contracting an
infectious disease based on personal attributes and behaviors [14, 69, 130} 153]. Al-
though machine learning shows great potential in predicting infectious diseases, there
are still challenges and limitations. These include the need for good data, the com-
plexity of how diseases spread, and the risk of making predictions that are too specific
[15].
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1.7 Rational and Outline of the Thesis

This research work proposes mathematical modeling validated with the real time data
of the transmission dynamics of COVID-19 to bring out some important insights. This
works reveals some uncovered phenomenon of transmission dynamics of COVID-19
especially focusing on the developing country Nepal. We also proposed some novel

ideas which describe the disease dynamics more precisely and accurately.
The research work is organized as follows:

In Chapter 2| we provide the relevant background of epidemiology and mathematical
modeling. We also present various techniques for theoretical analysis used in this

dissertation.

In Chapter (3|, we develop a deterministic mathematical model, which incorporates the
imported as well as locally generated cases along with various policies implemented
for the control of COVID-19 in Nepal. Using case data from both the controlled
and outgrown phases of epidemics in Nepal, we estimated key parameters as well
as the basic and effective reproductive numbers. Using our model, we evaluated
the control strategies implemented in Nepal. Furthermore, we applied our model to
predict the long-term dynamics of COVID-19 in Nepal, and provided the simulations

to demonstrate how these control strategies can curb the epidemics in Nepal.

In Chapter we employed a data-driven modeling technique to investigate the
COVID-19 transmission patterns in two distinct locations (high-risk and low-risk)
during the Delta surge. Because of the Nepal-India open border and densely popu-
lated cities in some places, considering two distinct regions is critical in the context
of Nepal. All Terai districts connected to India, as well as inhabited cities such Nepal
Kathmandu, Surkhet, Pokhara, Lalitpur, Bhaktapur, and Chitwan, are considered
high-risk areas. We verified our model by fitting it to various real-time data sets
encompassing newly recorded cases from high- and low-risk regions, as well as hospi-
talized, ICU, and Ventilator patients, and estimated important model parameters in

a simulation.

In Chapter [, we developed data-driven models to predict the risk of infection and
hospitalization in real time. Then we applied our models to COVID-19 data in Nepal
to estimate province-specific time-dependent reproduction numbers, disease risk, and
hospitalization risk. We compared the Delta and Omicron waves and their effects on

provincial communities and healthcare systems using our models. Furthermore, we
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used our model to assess the effects of intervention strategies on infection risk.

The sixth chapter is about the summary and conclusion in which the main result of

the research findings, discussions, conclusions and recommendations are presented.
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CHAPTER 2

BACKGROUND INFORMATION

In this chapter, we introduce some basic definitions of epidemiology, development of
the epidemic model, some classical models with reproduction rate, and stability of

disease-free equilibrium.

2.1 Basic Terminology in the Disease Modeling
2.1.1 Basic Terminology in Epidemiology
Susceptible Individual

Individuals who may be infected in the future with the disease that persists in some

other individuals, are called susceptible.

Exposed Individuals

An exposed individual is someone who has encountered a pathogen but has not yet

exhibited symptoms of the disease.

Infected and Infectious Individuals

When pathogens enter into the body it takes time for development in that exposed
host. So host population who have immature disease is called infected individuals.
Individuals who are capable of transmitting the disease are termed infectious. How-
ever, it’s important to note that individuals who are infected may not be infectious

for the entire duration of their infection.
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Latent Period

The latent period is the time interval between when an individual is exposed to a

disease causing agent (such as a virus or bacterium) and when they become infectious.

Incubation Period

The incubation period is the time interval between initial contact with an infectious

agent and onset of the first sign or symptom of disease.

Incidence

Incidence is defined as the number of individuals who become ill during the specified

interval of time (e.g. one day).

Recovered Individual

Individuals who are free from disease after infection are called recovered individuals.
They may or may not reinfect depending on immunity gained against the disease.
That is, if lifelong immunity is gained against the disease then reinfection by the

disease does not happen.

Endemic

An infection is said to be endemic in a population when that infection is constantly

maintained at a baseline level in a geographic area without external input (e.g.,
COVID-19, flu, Common-Cold, Malaria)

Epidemic

The extended but finite occurrence of an infectious disease at a low level within a

community or region is referred to as an epidemic.

Outbreak

An outbreak usually refers to a sudden increase in the number of new cases of a

disease in a limited geographic area. COVID-19 started as an outbreak in Wuhan,
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the capital city of the Hubei province in China at the end of December 2019, when
the Chinese government confirmed that it was treating dozens of cases of pneumonia

of unknown cause.

Pandemic

A pandemic is defined as an epidemic that has spread across multiple countries or
continents, affecting a large number of people within a short period, and where the
infection is no longer under control. Pandemics usually occur when a new virus easily
spreads among individuals who have little or no pre-existing immunity to it. COVID-
19, declared a pandemic by the WHO on March 11, 2020, is the first known pandemic

resulting from the emergence of a new coronavirus.

2.1.2 Mathematical Terminology

2.1.2.1 Basic Reproduction Number

The basic reproduction number Ry is used to measure the transmission potential of a
disease [55]. The basic reproduction number, symbolized as Ry, quantifies the number
of new infections arising from a single infected individual within a population when
all individuals are susceptible throughout the entire infectious period. In simplified

models, Ry can be expressed as follows:

R, = (number of contacts at a time) x (probability of infection in a contact) x (dura-
tion of infectiousness during epidemics). For complicated models the next generation

matrix (NGM) method is used in computing the Rj.

In the field of epidemiology, Ry serves as a critical threshold. When Ry is greater
than one, it indicates the potential for epidemics, while an Ry less than one suggests
the absence of epidemics. The basic reproduction number (Ry) plays a pivotal role
in guiding public health interventions and control strategies to prevent and manage

disease outbreaks.

2.1.2.2 Effective Reproduction Number

In various real-world scenarios, it is rare for an entire population to be entirely sus-

ceptible to an infection. Some individuals may possess immunity, either due to prior
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infection, which grants lifelong protection, or through previous immunization. Con-
sequently, not all individuals who come into contact with the infectious agent will
become infected, leading to a reduction in the average number of secondary cases

arising from each infectious case, as compared to the basic reproduction number.

The concept of the effective reproductive number R;, quantifies the average number of
secondary cases per infectious case in a population composed of both susceptible and
non-susceptible hosts [I73]. When R, > 1, the number of cases will increase, typically
seen at the onset of an epidemic. When R; = 1, the disease remains endemic within

the population, and when R; < 1, there is a decline in the number of cases.

The effective reproductive number, R;, can be estimated by multiplying the basic
reproductive number, Ry by the fraction of the host population that is susceptible z,
such that R; = Ryx.

For instance, if the basic reproductive number (Ry) for influenza is 12 in a popula-
tion where half of the individuals are immune, the effective reproductive number for
influenza is 12 x 0.5 = 6. In this scenario, a single case of influenza is expected to
generate an average of 6 new secondary cases. To successfully eliminate a disease

from a population, R; needs to be maintained at a level less than 1.

2.1.3 Jacobian Matrix

The matrix of each of a vector-valued function’s first-order partial derivatives is the

function’s Jacobian matrix [112]. The Jacobian matrix of a system of ODEs

dx

— = 2.1
" ) (2.1)
where © = (21,29, 23,...,2,) and f = (fi1, f2, fs, ..., fn) is the matrix of all partial

derivatives of right side of system of equation [2.1| with respect to variable x given as

[0f1  Of1 ofi 7
o1 dxro 77 Ozp
ofe  Ofe Of2
Or1 Oxo 7 Ozn
J— |on o of
ox1 Oxrs 70 Ozp
Ofn  Ofn Ofn
| Ox1 Ozo 7 Oz
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2.1.3.1 Eigenvalues and Spectral Radius

For a given square matrix A, an eigenvalue A and its corresponding eigenvector v
satisfy the equation Av = Av. The spectral radius of A considers the absolute values
of these eigenvalues and selects the largest one. The spectral radius of a square matrix
A is denoted by p(A) and is defined as p(A)=maz|\i|; i=1,2,3,---,n, where \i
are the eigenvalues of A [70] 112].

2.1.3.2 Next Generation Matrix

In the case of multiple infectious agents, an innovative next generation approach
introduced in 1990 by Diekmann et al. [55] and subsequently standardized by Van
den Driessche and Watmough [I80] offers a valuable method. This method transforms
a system of ordinary differential equations (ODEs) or partial differential equations
(PDEs) within an infectious disease model into an operator. In this method, the basic
reproduction ratio is precisely defined as the dominant eigenvalue (spectral radius) of

this operator.
Now, let’s analyze the following deterministic model:
n

e fi(z), x(0) e R,. (2.2)

Here, x;(t) represents the population count in compartment ¢ at time ¢. Initially, the
population is in the non-negative orthant of R, denoted as z(0) € @i. Let’s define

a set X as follows:

X:{xéﬁi:xizo,lgigm}, where m < n.
In this context, X represents a collection of disease-free states.
Now, considering the population dynamics, we have:

dt
where F;(z) represents the introduction of infection into compartment i. Here,

= Fy(z) — Vi(x), (2.3)

V(z) =V (z) = Vi"(2),

7

where V,”(z) denotes the transfer out of compartment i by other means and V;*(x)
denotes the transfer into compartment ¢ by other means. F(z) and V (x) satisfy the

following assumptions:
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I. The rates of movement are non-negative, meaning that for x € @i, it follows
that Fij(z) > 0and V, () >0 for 1 <i <mn.

I1. If a compartment is empty, movement out of that compartment is not possible,

ie., if ; =0, then V" (x) = 0.

ITI. Movement of infection into non-infective classes is not possible, implying that

Fi(x) =0 for i > m.

IV. The disease-free subspace is invariant. When = € X, both Fj(z) = 0 and
V.o (z)=0for 1 <i<m.

(2

V. In the absence of new infections, the disease-free equilibrium is locally asymp-
totically stable. Specifically, when F(x) = 0, all eigenvalues of the matrix at

the disease-free equilibrium must be negative or with negative real part.

For the disease-free equilibrium of 2.2 we define square matrices ' and V' as follows:

oF; ..

Fi; = when 1<14,7<m
ax]’
oV, ..

Vi = when 1 <17,7 <m.

8xj

Then, FV~! is referred to as the Next Generation Matrix (NGM), and Ry = p(FV 1)

represents the dominant eigenvalue (spectral radius) of the NGM.

2.1.4 Well-posedeness

A mathematical model is said to be well-posed if it satisfies three fundamental prop-
erties [70], [112]:

Existence: There exists at least one solution to the model within the specified do-
main. In other words, there is a solution that makes sense within the context of the

problem being modeled.

Uniqueness: The solution is unique, meaning there is only one possible solution for
a given set of initial or boundary conditions. This ensures that the model does not

produce multiple conflicting solutions.

Stability: The solution is stable regarding small changes in the initial or boundary

conditions. This means that small perturbations in the input do not make significantly
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different in the solutions. Stability is particularly important in dynamical systems

described by differential equations.

A well-posed mathematical model provides a solid foundation for understanding and
solving real-world problems. Models that lack one or more of these properties can
lead to ambiguous or unreliable results and may not accurately represent the physical

or biological phenomena.

2.1.4.1 Stability of Solutions

Stability analysis is a fundamental aspect of dynamical system theory. Consider
a continuous-time autonomous system represented by a set of ordinary differential
equations (ODEs) of the form:

dx
=), (2.4)

where x is a vector representing the state of the system, and f(x) is a vector field

that describes how the state evolves over time.

Definition of Stability: [112] A steady-state solution Z is said to be stable if, for
any small perturbation € > 0, there exists a § > 0 such that if the initial condition
x(0) satisfies ||x(0) — Z|| < J, then the solution z(t) will satisfy ||z(t) — Z|| < € for all
t>0.

2.1.4.2 Asymptotic Stability Condition with Relation to Spectral Radius

Let = be a steady-state solution (i.e., &

is asymptotically stable if and only if the following conditions hold:

4% — ) of the system . The steady state z

1. The Jacobian matrix A of the system evaluated at the steady state Z is negative
definite, i.e., for all eigenvalues A; of A, we have Re()\;) < 0, where Re(\;)
denotes the real part of \;.

2. Alternatively, the spectral radius p(A) of the Jacobian matrix A is less than
one, i.e., p(A) < 1.

These conditions ensure that small perturbations from the steady state & will decay

over time, and trajectories starting near & will converge to = as t — oo [112].
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2.1.5 Maximum Likelihood Method for the Estimation of the
Effective Reproduction Number (R;)

The effective reproduction number, R;, is the real-time estimation of the reproduction
number that represents the average number of secondary infections from an infected
individual in his/her infectious period at time ¢ [I72]. Here, we used the Maximum
Likelihood Method (MLM) described in the previous studies [49, [I72] to estimate
the effective reproduction number. Two data sets are required to estimate R; using
MLM: the number of new cases (incidence of cases) over time and the generation time
(time duration between the primary and secondary infection). The generation time
is usually not observable but can be approximated with the serial interval [98], which
is defined as the time between the onset of symptoms of primary cases and that of
secondary cases [184]. Many studies [42] [146, [166], 206] have reported that the serial

interval follows a Gamma distribution with certain means and standard deviations.

Assuming that the secondary cases at time ¢ generated by the infected cases at time
s (s =1,2,...,t) follow the Poisson distribution with mean Ry, = R; Z 1 L sws,
where 1), = Zizl I;_sw, and w, is a Gamma distribution of serial interval describing
the infectiousness at time s after infection, the likelihood function of secondary cases

18

(Rtl/}tyt e~ Bt
! ’

We assumed that the reproduction rate R; remains constant over the small time period

L(Ry) =

[t — 7, t] and is denoted as R;,. The likelihood of the secondary cases over the time

period [t — 7, t] with given previous incidences Iy, I1, ..., [;_._1 is

¢ Is —Rs s,
37' 57' €
L(Ry,) = H v . (2.5)

s=t—T

Using a Bayesian framework with a Gamma distributed prior with parameters (a,b),
the posterior joint distribution of R, is given by a Gamma distribution with the

parameters

t
S
s=t—1 l_'_ Z ws
b

s=t—T
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2.2 Data Fitting

It is possible to approximation some unknown parameters of a model defined by a
set of ordinary differential equations (ODEs) when fitting data to the model. These
ODEs can be solved numerically by using MATLAB solvers like “odelbs” or “ode45.”
Together with these MATLAB solvers, the optimization functions “fminsearch” and
“fmincon” are used. The least squares method is frequently used for data fitting.
The goal of this fitting approach is to reduce the sum of squared residuals, which is a
measure of the difference between the model’s predictions and the equivalent values

found in experimental data,

where ®* = (&, Py, ..., P,,) is the set of m parameters to be estimated, and L(t)
and L(t;) population obtained from the model and real time data of the respective
population. Here, n represents the total number of data points used for the model
fitting.

2.3 Computation of Confidence Intervals

In order to derive confidence intervals for the estimated parameters, we compute
standard errors for ®* using a method outlined in Banks [20]. For this, we first

compute the sensitivity matrix T of the parameters,

0Ly, 0Ly, OLy,

9%, 9%, T 9Bm

0Ly,  OLi, OLi,

T | 9 9% 0 9.

8Ltn 8Ltn 8Ltn

T T T .

: oLy, .
Since we are unable to formulate the closed form of —z&, 5 = 1,2, ..., m, and
J

k=1, 2,...,n from the model, we use the following complex-step approximation to

compute the partial derivatives.

We consider the Taylor expansion of L, using a complex step ih, where h is taken
to be a small positive constant (h = 107%) in our computations) and 7 is the unit

imaginary number.
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Ly (®; + ih) ~ Ly, (®;) + ihL; (®;) — 5L, (@) +...

2r

Taking the imaginary part of both sides of the above equation and dividing by h gives

Ly, (®; ~ O(n?
where O(h?) represents terms of order 2 and higher. Therefore, the derivatives are
given by
L ; Im|[Ly, (®; + ih
OLy, ~ Di(Ly,) = m (Lo (B + ﬂ,j: 1,2, ...m,andk =1,2, ...n.
0P; h

With these, we compute an approximation to the sensitivity matrix T denoted by
T. Then we take \/(UQ{TTT}_l)Z.i where 0% ~ 62 = J(®*)/(n — m) and ®* are
the basic estimated parameter values, to be the standard deviation for the parameter
¢;,7=1,2....m.

2.4 Identifiability of the Parameters

A main difficulty is parameter estimation for dynamic biological models using non-
linear ordinary differential equations (ODEs). A unique characteristic of biological
models is that they frequently include a high number of factors that are correlated
with one another [12] [47]. Identifiability is a critical concept in the field of parameter
estimation and statistical modeling, particularly in contexts like system identification,
machine learning, and data analysis. Identifiability refers to the ability to uniquely
determine the values of model parameters from observed data. When a model is iden-
tifiable, it means that each parameter can be estimated without ambiguity, and the

model is capable of accurately capturing the underlying relationships in the data.

One method to assess identifiability is based on the sensitivity matrix, which quantifies

how changes in the model parameters affect the model’s output [114].

Let * = (®4, Do, ..., P,,) be the parameter vector of interest, which contains all the
model parameters that we want to estimate. We calculate the sensitivity matrix as
described in the section A model is considered identifiable if the sensitivity matrix
is of full rank. In other words, the number of linearly independent rows or columns
in the matrix should be equal to the number of parameters to be estimated. If the

sensitivity matrix is full rank, the model is identifiable, and we can estimate all the
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parameters uniquely [90]. If the sensitivity matrix is not full rank, it indicates that
some parameters are not identifiable using the available data and model structure.
This could be due to redundancy in the model or insufficient information in the data

to separate certain parameters.
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CHAPTER 3

MATHEMATICAL MODEL FOR UNCOVERING THE
EFFECTIVE CONTROLS OF FIRST WAVE OF COVID-19
IN NEPAL

In this chapter, we present a novel deterministic mathematical model based on the
SEIR model to uncover the effective control strategies implemented by the government
of Nepal during the first wave of COVID-19. This model accounts for both imported
and locally generated COVID-19 cases, as well as the various policies implemented
during the first wave of the pandemic in Nepal. By analyzing recorded data from
both the controlled and uncontrolled phases of the epidemic in Nepal, we estimate
crucial parameters, including the basic and effective reproductive numbers. Using
our model, we assess the effectiveness of the COVID-19 control strategies employed
in Nepal. Additionally, we use our model to examine the dynamics of COVID-19 in
Nepal during the first wave (21 April, 2020 to 20 April, 2021) and provide simulations
that illustrate the potential impact of these control strategies implemented on curbing

the spread of the virus.

3.1 Introduction

In Nepal, the first confirmed case of COVID-19 was reported on January 23, 2020
[120]. Subsequently, until March 23, 2020, no new cases were reported. On March 24,
2020, the Nepalese government swiftly implemented a nationwide lockdown, business
closures, travel restrictions, and stringent border screening, which effectively main-
tained a low number of COVID-19 cases (only 4% from local transmission) until mid-
July 2020 [61]. However, the relaxation of these measures led to a significant surge in
cases, resulting in a total of 58,327 cases by September 16, 2020, mostly originating

from local transmission [59]. This bi-phasic epidemic trend in Nepal, transitioning
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from a controlled phase to an outbreak phase, offers valuable insights into the im-

pact of control strategies, notably given Nepal’s open border with India, a country

significantly affected by COVID-19.

Deterministic mathematical models, including the SEIR (Susceptible-Exposed-Infected-
Recovered) model, have been widely used in quantitative studies of COVID-19 pan-
demics. While some models were used to estimate the parameters such as incubation
period, and infectious period [17, 105 107, 185], others examined the effectiveness
of control strategies such as lockdown, detection and isolation, border screening, and
medical resources [43], 45, 66, [78, 127, 159, 164, 204, 186]. The quarantine for the
traveler and suspected cases were also studied as the effective control measures for
mitigating COVID-19 [10, [79, 107, 205]. Regarding COVID-19 in Nepal, previous
studies [29] [32], [143] [106] have provided some insights into doubling time of new in-
fections, early transmission trend, and the timing of the daily incidence burden in
Nepal. However, none of the previous models have considered the entry of cases
through Nepal-India open border and border-related control strategies, which can be
important factors because the travel history of recorded infectious people shows that
more than 80% infectious cases came from abroad, especially from India, during the
early period of epidemics [60 126]. Also, despite Nepal government’s effort of ap-
plying strategies such as border screening, quarantine and isolation, poor handling
policy at the border does exist, allowing to enter many infected individuals into the

community without quarantine [161].

Despite the COVID-19’s global devastating effects on all aspects of human lives, the
impact of the epidemic quite varies from country to country, in different waves, thus
the study focused on a specific country can provide better understanding of the disease
and its control strategies and mathematical modeling may able to uncover new insights
of the effectiveness of control measures which may useful for the mitigation plan for

future pandemic.

3.2 Method

3.2.1 Data Source

The data used in this study is obtained from the Ministry of Health and Popula-
tion, Government of Nepal [59]. We use the data of COVID-19 from March 22 until

September 16, 2020. The data including quarantine, new cases, cumulative cases,
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and RT-PCR tests, were used in our model fitting and simulation. During the initial
phase of epidemic, most of the PCR tests performed were for the quarantined people
and a few for the community and front line workers (armed forces, hospital workers,
civil workers, etc.). Therefore, we considered the 80% of PCR-tests performed were

for the people who were quarantined.

3.2.2 Modeling of Basic Transmission Dynamics

The entire population is categorized into five distinct groups: S (those susceptible
to the virus), £ (individuals exposed to the virus), Ig (infectious individuals who
are recorded), Iy (infectious individuals who are not recorded), and R (recovered
individuals). In our model, susceptible people become exposed to the virus when
they come into contact with non-recorded infectious individuals at a rate denoted as
B. These exposed individuals then transition to being infectious at per capita rate 9,
with a certain fraction, represented as 6, being recorded, and the remaining portion,
represented as 1 — 6, remaining unrecorded. Individuals in both the I and I groups
either recover at a rate of 7. k be the diseases induced death rate. The variables p and
A stand for the per capita rates of natural mortality and the natural recruitment of
individuals into the susceptible group. The arrival of individuals from other regions,
particularly across the Nepal-India border, is depicted using a time-dependent rate
denoted as A(t), of which a proportion p are infected, while the remaining (1 — p) are

still susceptible.

3.2.2.1 Modeling Control Strategies Implemented in Nepal

The main control strategies implemented by the government of Nepal during the first
wave of COVID-19 were: (i) Border screen and quarantine, (i) Lockdown, and (ii)

Detection and isolation.

Border screen and quarantine. To model the border screen and quarantine strat-
egy, we introduce a quarantined class, @, to which ¢A(¢) of individuals from abroad
enters, where ¢ represents the rate of border screen. For these quarantined individu-
als PCR test is performed with rate 7 and the tested individuals with positive result
enter into the Ii class and are isolated. As the expected rate of positive test in people
entering into the country is p, we assume that p represents the portion of the tested
population getting positive result, while the remaining (1 — p) portion of the tested

population show negative result and enter the susceptible class, S. Due to the limi-
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tation of PCR test, there were cases of individuals, including some without onset of
the symptoms, being released from the quarantine center without performing PCR
test. We assume that individuals leave the quarantined class without PCR test at the
rate of v. Among them, the portion p enters non-recorded infectious class and the

remaining (1 — p) enters the susceptible class.

Lockdown. Lockdown strategy reduces the contact among individuals, and we as-
sume the reduction of contact by £ resulting in the transmission rate § — (1 — &)p.
Since the strategy was altered in two different phases, the controlled and the outgrown,
we consider two different reduction rates of contact as follows:

ao-{& I

t>t,,

where t. represents the time when the epidemic phase changes corresponding to
alteration of policies (July 21, 2020). As a result, the net infection rate becomes
Be=(1—-¢&)B and 5, = (1 — &,) before and after ¢ = t., respectively.

Detection and isolation. As mentioned above, recorded infected individuals, Ig,
in our model are isolated. Therefore, the detection and isolation strategy can be
incorporated into our model by altering the rate #. We introduce a parameter 1
to represent the effect of detection so that the rate of individuals in exposed class,
who are detected and recorded, changes as 8 — 1. Since the strategy of testing for
individuals in general community are altered after the lockdown was lifted, we take

two different detection rates for the controlled and outgrown phases as follows.

=1 Sk

As a result, the net detection and isolation rate becomes 6. = .0 and 6, = 1,0 before

and after t = t., respectively.

Combining all the control strategies implemented in Nepal into the basic transmission

dynamics model, we obtain the model as shown in Figure [0}
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Figure 6: Compartmental diagram of the Model. The arrow along with parameters shows
the rate of flow from one compartment to another. The part of figure with black color
associates with basic SETR model and red part associates with control policies.

The model is described by the system of the following ordinary differential equations.

1) —Q 1@ —1Q (3.
B A MO - 01— ) 470 - p@ -9 - PO s (3)
ij—f _ B(t)% G+ WE (3.3)
U $00)E + p7Q — (0 1+ B) (3:4)
U X001~ 6) +99Q + 51~ B(1))E — (1+ u+ K) Iy (3.5)
O Wy +nln — R (3.6)

Here, the total population is given by N =Q + S+ E + R+ Iy + Ip.

3.2.3 Basic Reproduction Number (R))

We first obtain the disease free equilibrium, £*, of the model system. Using the pre-
pandemic condition A = A(0) and the disease-free conditions £ = 0, Igr =0, Iy =

0, we obtain p = 0. Then the model system provides the following disease free

34



equilibrium:
g* - (8*7 Q*’ 07 07 07 0)7

where
oA A0+ a1 0) _
1 p(T ++ ) T4yt u

According to the next generation matrix method, we divide the compartments used
in the model into two groups: infected ¥ = (x;,1 = 1,2,3) = (E, Ig, Iy) and non-
infected group ¥ = (y;,7 = 1,2,3) = (S, @, R). Then the model system can be written
as:

v, = fi(Z,9) and y; = g;(Z, ) for i,j = 1,2,3.

—

We now write the right hand side of the system of infected compartments as f;(Z, 7/)
Fi(Z,9) — Vi(Z, 7)), where F;(Z, 1) contains the terms representing the new infections
in compartment ¢ and V;(Z,¥) contains the terms containing the difference between

the transfer of individuals out of and into the compartment i:

£ S+Q+%Qf%ﬁzv+la
F ) = 0 )
F; 0
Vi (0+nE
Vi | = m+k+p)lp—00(t)E
Vs (n+Fk+p) Iy —3o(1-0()E

We now take the values f(t) = . and 6(t) = 6. corresponding to the beginning

and

of the epidemic, and construct the following two matrices using F' = <8F ’)
g*

— (Vi
V= (t%ﬁj)

g+

BeS*
F=({oo0o 0 |, v= —80, n+k+p 0
00 0 —5(1—6,) 0 n+k-+p

These matrices allow use to compute the second generation matrix as follows:

Bcb(1—0c)S™ 0 BeS*
1 (0+k+p) (nt+hk+p) (Q*+5%) (n+k+p)(Q*+5%)
0 0 0

Bc8(1—6.)S5*
S+p) (ntktp) (Q*+5%)
number is given by the dominated eigenvalue. Therefore,

Bc(s<1 B GC)S*
(04 w)(n+k+p)(Q +5%)

35

whose eigenvalues are 0, 0, and ( Then the basic reproduction

Ry =




We used the Next Generation Matrix method [55, [I80] to derive the expression of Ry

for our model (see Appendix) and obtained

ﬁcé(l - GC)S*

Ry =
T O+ k+p)(Q + 5%
where
S*:§+A(0){T+v+/w(1—¢)} and O A0)o |
p w(r +7+p) Ty +p

As expected, we are able to theoretically establish Ry as the outbreak threshold for

our model, as stated in the following theorem:

Theorem 3.2.1 Disease free equilibrium point of the system of equations (1-6) is

asymptotically stable if Ry < 1 and unstable if Ry > 1.

Proof: Jacobian of the system of equations (3.243.6) evaluated at the disease free
equilibrium, £*, is

—p y(L=p)+(A—p)r 0 0 g% 0
0 —(T4+v+p) 0 0 0 0
0 0 —(§ + p) 0 e 0
0 pT 0. —(n+k+p) 0 0
0 Vp1 6(1—0.) 0 —m+k+p) O
0 0 0 n n —p

The eigenvalues of this Jacobian are given by

M= —pdo=—p g ==+ k+p)A=—(y+7+n),

_ —(+n+2u+k)—/O+n+2u+k)2—406+u)(n+p+k) (1 — Ry)

)\5_ 9 )
and

\ —(+n+2u+k)+ /(O +n+2u+k)2—40+p)(n+p+k)(1— Rp)

6 — .

2

We can clearly observe that all the eigenvalues are negative if Ry < 1. Therefore, the
disease free equilibrium, £*, is asymptotically stable if Ry < 1 and unstable if Ry > 1.
OJ
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3.2.4 Estimation of Parameters and Population Size

Even though first case of COVID-19 in Nepal was confirmed on January 23, 2020, no
additional cases were reported until March 23, 2020. Therefore, we consider March
22, 2020 as the initial time ¢ = 0 for our dynamical system model. The total popu-
lation of Nepal in the census year 2011 was 26,494,504, which was projected to reach
29,704,501 by the end of 2019 [40]. There are about 3 to 4 million Nepalese working
in India [99] 170] and about 1.5 million Nepalese working in the Gulf countries and
Malaysia [83], [73], making approximately the total of 5 million Nepalese as seasonal
migrants. Therefore, deducting 5 million people as migrants from the total popula-
tion of 29,704,501, we get N(0)=2,5000,000. 63 people came from aboard were sent
to Kharipati quarantine (a quarantine center) on March 21 [I7I]. Therefore, we take
Q(0) = 63. The first case identified on January 23, 2020 had been recovered [120] by
the beginning of our dynamics, and hence we take R(0) = 1. Since the initial time of
our dynamic model is the beginning of the epidemic, we assume F(0) =1, Ig(0) =0,
and In(0) = 1.

Since the infected individuals remain in the exposed class for about 5.2 days until
they become infectious [I77, 100, [189], we take 6 = 1/5.2 = 0.1923 per day. Also,
the infectious individuals get recovered in about 17 days [I75], implying the average
recovery rate n = 1/17 = 0.0588 per day. We estimate the rate of death due to
COVID-19 using the data taken from the official website of Nepal government [120].
Specifically, we take the average death rate from March 22 to September 16, 2020,
and obtain the per capita death rate £ = 0.000281 per day. We take p and A in such
a way that the natural birth rate and death rate remain equal for the period of this
pandemic. In addition, we use quarantine and PCR data along with the model to
estimate parameters 7 and 7, which are related to people leaving quarantine center.
We estimate the remaining parameters ¢, 3., 5,, 0., 8, and p by using the least square

fitting of the model to the daily recorded new cases data.

3.2.5 Data Fitting

We implement the previous method [145] described in section [2.2fto perform the data
fitting and to identify a reasonable confidence interval of the estimated parameters.
In brief, the method involves thorough process of consecutive reduction of number
of parameters until the reasonable confidence intervals are identified. The process

allowed us to identify the parameters ¢, 5., 5,,0.,0, and p that can be reasonably
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estimated from the available data. Further reduction of the number of parameters

from the current six parameters provided a poor fit (F-test, p-value < 0.05).

For the model fitting the data available is the daily new cases of recorded infectious
people. Using our model, the recorded new infections generated at time ¢, L(t), can

be computed using the following equation:
L(t) = mpQ(t) + 00E(t) (3.7)

We obtain the best-fit set of parameters ®* = (¢, 5., Bo, 0., 0,,p) via a nonlinear least
squares regression method that minimizes the following sum of the squared residuals
as described in the section 2.2l To obtain the confidence limits for the estimated
parameters, we compute standard errors from the sensitivity matrix T by using the
techniques described in the section[2.3] We find the matrix Y7 to be of the full rank
(rank = 6), which confirms the identifiability of the estimated parameters [114].

3.3 Results

3.3.1 Estimation of Border Screen

Given the open border of Nepal with India, one of the most COVID-19 infected coun-
tries, and related border screen and quarantine policies implemented by the Nepal
government, the rate of border screen and quarantine is important for accurate eval-
uation of the policy. However, the official data of this information is not available. In
this section, we use our model to estimate the rate of border screen and quarantine,
®A(t), from the data of the active quarantine population, Q(¢;), and the number of
PCR-tests performed, PCR(t;).

Since the natural death is negligible during the short period of the epidemic (i.e.,
w =~ 0), applying the model equation (3.1)) at the data collected time ¢;, we obtain the

following approximation:

OA(t;) =~ % +7Q(t:) +7Q(t:) = Q(t;) — Qti—) + 7Q(t:) +vQ(t:),

where t; —t;_; = 1 day, as the data was recorded every day. In this expression, 7Q(t;)
is given by PCR(t;), and vQ(t;) represents those leaving quarantine center without
PCR test (no-PCR(t;)), implying

PA(t;) ~ Q(t:;) — Q(ti1) + PCR(t;) + no-PCOR(t;).
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Figure 7: Number of daily quarantined individuals via border screening.

Since ¢A(t;) > 0, we obtain the minimum estimate of no-PCR(t;) as

0

no-PCR(t:) ~ { , otherwise.

Using data of active quarantine, Q(t;), PCR tests, PCR(t;) and estimated popula-
tion leaving quarantine center without PCR, no-PCR(t;), we then estimate the daily
number of people border screened and entered into the quarantine, ¢pA(t;), until July
21, 2020 (the controlled phase). Our estimates show that the rate of border screen
and quarantine was relatively low (less than 2 thousand per day) until the mid of
May, 2020, and then the rate increased rapidly reaching a peak of about 16 thousand
per day around mid June. After the peak, the rate began to fall and reached a low
level by the end of the first phase of epidemic (Fig. [7]). Data shows that, after July
21 (the outgrown phase), the active quarantined population continues to decrease in-
dicating less impact of these individuals on the epidemic during the outgrown phase.

Therefore, for simplicity, we assume that ¢A(t;) decreases linearly after July 21 (Fig.
7).

Furthermore, we estimate the per capita rate of individuals leaving quarantine center

with (7) and without () PCR test. We can approximate these rates as follows:

1 < 1 <
TR Z PCR(t;) and =~ - Z no-PCR(t;).
i=1 i=1
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Our calculation shows that the individuals leave the quarantine center at the rate
7 = 0.06 with PCR test and at the rate v = 0.00975 without PCR test.

3.3.2 Epidemic Pattern and Model Validation

We fit our model to daily recorded new cases data of Nepal from both the controlled
(March 22 to July 21) and the outgrown phases (July 21 to Sept 16), and estimated
six parameters ¢, 8., Bo, 0., 0,, and p. The values of the best estimates along with their
95% confidence intervals are provided in Table |2, As shown in Fig. the model
has an excellent agreement with the data of recorded new cases from both phases of
the epidemic. In addition, we estimated the cumulative cases of COVID-19 during
the entire period of study and compared our estimates with the data (Fig. [I1p). Our
model is capable of accurately predicting the cumulative cases of COVID-19 in Nepal
for both epidemic phases, thereby validating our modeling approach.

60000

O data

O data
m— model cUIVE

50000
40000

30000

20000 1
QOutgrown Phase

Control Phase

10000

Cumulative Number of Recorded Cases (Per-day)
)

Apr May Jun Jul Aug Sep Oct
Time 2020

(b)

Figure 8: (a) Model fitting with recorded new cases of COVID-19 and (b) the consistency
of cumulative data of recorded new cases with the model.

Consistent with the data, the epidemic trend of the COVID-19 in Nepal predicted by
our model shows that the recorded COVID-19 cases increased slowly until the mid of
May, attained the peak of the controlled phase in the mid June, and then decreased
until the end of the first phase (the controlled phase), when the policies were altered.
After the controlled phase, the cases again started to rise with a higher rate until
the end of the study, giving the outgrown phase following the controlled phase. It’s
worth noting that the first peak observed during the controlled phase is around the
same time when the maximum number of returned migrants were border-screened
and quarantined (Fig. [7]).

40



Table 1: Values of estimated and fixed parameters.

Parameters | value 95% CI Reference
Be 0.052 [0.0085 0.0955] | Estimated
Bo 0.248 [0.20 0.29] Estimated
0. 0.75 [0.64 0.85] Estimated
9, 0.57 [0.49 0.65] Estimated
¢ 0.75 [0.64 0.85] Estimated
p 0.052 [0.04 0.063] Estimated
k 0.000281 Fixed Calculated
v 0.00975 Fixed Calculated
T 0.06 Fixed Calculated
0 0.0588 Fixed 03]
5 0.1923 Fixed [17, (100, [189]

3.3.3 Importation vs Local Transmission in COVID-19 Cases
in Nepal

For countries like Nepal that shares open-border with another country (India) having
one of the highest levels of COVID-19 cases, it is critical to identify the impact of
importation through the border and the local transmission on the disease spread.
We used our model to predict imported cases and the cases from local transmission,
both recorded and non-recorded (Fig. [9). Our prediction shows that during the
controlled phase of the epidemic, most of the COVID-19 cases in Nepal were Imported,
indicating the local transmission was well controlled. During this phase, the imported
cases gradually increased while the local transmission remained significantly lower
than imported cases. The imported cases reached the maximum number (about 460)
around July 01, consistent with the highest border screen (Fig. , and then gradually

decreased for the entire period of our study.
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Figure 9: Local and imported cases.

While the local transmission was quite controlled during the controlled phase (only
6,577 ~ 24% of the total cases), during the outgrown phase the local cases dramat-
ically increased outcompeting the imported cases at the end of July. The outgrown
phase (July 22-September 16, 2020) resulted in 67073 total cases (recorded and non-
recorded), out of which 60123 (=~ 90%) are from local transmission by September
16, 2020 the end date of our study. Note that the timing of the dominance of the
local transmission over importation is consistent with the alteration of policies by the

government of Nepal, especially the lifting of the lockdown.

3.3.4 Effectiveness of Control Strategies

From the epidemic trend it can be clearly seen that the major policies implemented
by the government of Nepal, namely border screen and quarantine, lockdown, and
detection and isolation, were significantly effective because the disease spread was
well-controlled while the policies were in place and became out of controls once the
policies were lifted. We can use our model parameters ¢, £, and ¥ to quantify the
effectiveness of these policies, border screen and quarantine, lockdown, and detection
and isolation, respectively, on controlling COVID-19 epidemic in Nepal during the
controlled phase. Our model shows that the epidemic dynamics would have been
quite worse (19090 new cases per day during the peak) if these policies were not
implemented (Fig. ) Through these policies, 442,640 cases were prevented and
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1,216 lives were saved during the period of controlled phase (real scenario: 17,994
cumulative cases and 40 deaths (official data); 27460 cumulative cases and 104 deaths

(model values)).

We also estimate the effectiveness of each of the policies individually (Fig. [L1p). Re-
moving each policy at a time, our model predicts the peak infectious cases of 1339,
4199, 884 for the absence of border screen and quarantine, lockdown, and detection
and isolation, respectively. In the absence of border screen and quarantine, lockdown,
and detection and isolation, one at a time, the total cumulative cases would have
reached 42050, 162400, 38920, respectively, taking the Nepalese lives of 162, 497, 138
respectively. Among these three policies lockdown was found to be the most signif-
icant, followed by the border screen and quarantine, and then by the detection and
isolation. These results show that the detection and isolation does not seem to have
significant impact on the reduction of infections and deaths on the early phase, com-
pared to other two strategies, presumably because of the less local transmission due
to the strict lockdown. However, the detection and isolation may have important role
and significant impact during outgrown phase when the local transmission becomes

the leading cause of infection.
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Figure 10: (a) Effect of Overall control strategies. (b) Effect of Lockdown and Quarantine
(Border screening, quarantine, detection and isolation and lockdown.

3.3.5 Potential Control of First Wave of COVID-19 in Nepal

In this section, we use our model to predict epidemic outcome, especially the new
cases, cumulative cases, and the total deaths, by the end of the year 2021. If the

existing trend would be continued, our model predicted that the peak value of daily
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new cases will reach 144,600 (82,420 recorded and 62,180 non-recorded) on March 4,
2021 (Fig. [L1p). With this epidemic trend, Nepal would be suffer from the cumulative
cases of 18.76 million (10.70 million recorded and 8.06 million non-recorded) and the
total COVID-19-related deaths of 87 thousand by the end of 2021 (Fig. [L1p) if no
any Non-pharmaceutical interventions were implemented. But the number of cases
would be subsequently decreased if transmission rate would be decreased by any NPIs

or the non homogeneous mixing of susceptible.
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Figure 11: Peak of new cases and number of deaths by COVID-19.

At the existing situation of the absence of pharmaceutical prevention, applying public
health measures, including the ones the government of Nepal implemented during the
controlled phase, are the most promising control measures [196, [190]. We now assess
the impact of these control measures on curbing COVID-19 epidemics from September
2020 to December 2021. Since the existing trend (the outgrown phase) shows that the
imported COVID-19 cases were not important compared to the local transmission,
we particularly focus on two control strategies, the lockdown and the detection and
isolation. Note that the existing value of infection rates is § = (3, and the detection
rate is § = 6, (Table 2). In our model, the level of lockdown and detection and

isolation can be incorporated using the parameters £ and v, respectively.

Our model predicts that both the lockdown (reduction on ) and the detection and
isolation (increment in ) are significantly impact on curbing COVID-19 epidemic
burden in Nepal (Fig. . For example, 50% reduction of contact through lockdown
(i.e., £ = 0.5) can reduce the cumulative number from the base-case of 18.7 million
to 426 thousand and the total deaths from 87 thousand to 20 thousand. Similarly,

1.4 times increment in the detection and isolation rate (i.e., ©» = 1.4) can bring the
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cumulative cases down to 494 thousand and the total death down to 13 thousand.
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3.3.6 Reproduction Number

Using the estimated parameters, we find the value of Ry = 0.21 for Nepal during the
control phase (21 March, 2020 to 21 July 2020). Ry < 1 implies that the outbreak was
avoided at that time while the locally infected case was introduced in March 2020. The
successful control was consistent with the fact that the local transmission during early
epidemic period was negligible with the majority of infections coming from abroad.
Furthermore, we find that if the government of Nepal had not timely implemented
policies, the basic reproduction number would have been Ry = 1.8 (i.e., replacing f,
by 6, and 6. by 6,). Using our model, we also perform analysis to identify the level
of lockdown (&) and the detection and isolation (¢) required to assure the value of
Ry less than unity so that the epidemic was avoided. The resulting combinations of
these two policies, which can avoid the epidemic, are given in Fig. [Jh. For example,
a policy with combination of 22% reduction in contact due to lockdown (§ = 0.22)

and 20% increase in detection and isolation (¢ = 1.2) can avoid epidemic to occur.

The average number of the secondary infections varies over time, mainly due to al-
teration of implementation policies over the epidemic period. To describe the time
varying average number of secondary cases more accurately, we consider the effective
reproduction number, R;. The value of R; allows us to track whether the epidemic
at time ¢ is in increasing (R; > 1) or decreasing (R; < 1) trend. For our model, the
effective reproduction number is given by
Bt)o(1 —0(t))S(t)
O+ p)n+k+pN(E)

Rt:
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Using the estimated parameters, we observed that the value of effective reproduction
number R(t) remains about 0.21 until July 21 (Fig. [13p), indicating that the local
transmission is under control during the the controlled phase. However, around the
July-21 (the date of end of policies), the effective reproduction number rapidly in-
creased and reached 1.80 indicating the rapid local transmission during the outgrown
phase. The long prediction of our model shows that the value of R; remained greater
than unity until March 2021 (increasing trend). After March 2021, the epidemic
would be observed the decreasing trend (i.e, R; < 1).
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3.4 Discussion

In this study, we focused on modeling COVID-19 epidemic in Nepal, which shares
open border with India, one of the most affected countries in the world. Since a
large number of Nepalese, especially male labor migrants, work in India, the mobil-
ity across Nepal-India open border has directly affected COVID-19 cases in Nepal
causing considerable number of imported cases through the migrant workers coming
from India [61I]. Despite a large number of inflow of COVID-19 cases from India,
the timely implementation of Nepal Government’s policies, namely (i) border screen
and quarantine, (ii) lockdown, and (iii) detection and isolation, was successful in con-
trolling the epidemic for about four months until these policies were lifted on July
21, 2020. After the policies were lifted, the cases surged uncontrollably, resulting in
biphasic trend of COVID-19 in Nepal, the controlled phase (until July 21, 2020) and

46



the outgrown phase (after July 21, 2020). In order to evaluate these successful control
policies, here we took advantage of modeling and data of unique epidemic in Nepal
with biphasic trend resulting from the combination of inflow of cases through border
and implementation of control policies. Our novel model, which is capable of excel-
lently describing the COVID-19 data from Nepal, has provided number of important

insights into transmission dynamics and related effective control policies.

Using our model and the available data from the ministry of health and population, we
estimated the key parameters related to COVID-19 transmission and control in Nepal.
Based on our model, we identified quite distinct transmission rate () and distinct
rate of detection and isolation (#) between two phases of epidemics, showing that the
policies implemented were indeed significantly effective. The timely implementation
of policies was able to maintain the low level of effective reproduction number (~ 0.21)
while the polices were in place, and upon lifting the policies the effective reproduction
number rapidly rose to 1.80. As per our model evaluation, with these policies the
government of Nepal was able to prevent more than 444 thousand cases and save
more than 1200 lives. Among these three policies, “lockdown” was found to be the
most effective, followed by “border screen and quarantine” and then by “detection

and isolation”.

Consistent with the data based on the travel history of recorded infectious people
(more than 80% came from aboard, especially from India) [60} 126], our result also
shows that about 70% of COVID-19 cases in Nepal were imported during the con-
trolled phase. Despite inflow of significant number of COVID-19 cases from India,
the local transmission remains well controlled during the controlled phase of epidemic,
implying that the “border screen and quarantine” policy in combination with other
policies implemented by the government of Nepal was key to avoid a potential early
surge of cases from local transmission. Our model predicts high rate of local trans-
mission, consistent with the data, during the outgrown phase (i.e., after the policies
were lifted on July 21, 2020). As a result, the contribution of the local transmission
to epidemics became significantly high out competing the imported cases after July
21, 2020. We note that along the line of our results, various reports and updates
on the situation of Nepal [60], 64, 143], 169, 191, 192, 194] also claim that there were
small number of local transmissions before July 21, 2020 and the mass community

transmission had become noticeable only after lifting the policies on July 21, 2020.

Based on the existing epidemic trend identified by our model, we predicted that
without any policy about 18 million Nepalese (~ 70% of the total population) will
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be infected with COVID-19 by the end of 2021 in the absence of NPIs. The model
predicts that the current increasing trend of daily new cases would be continued to
increase reaching the peak level of about 144 thousand new cases per day on March
04, 2021. However, we also acknowledge that there was a possibility for the peak time
to occur earlier, as projected by some studies [106], if the government reduces the
testing of asymptomatic cases (i.e., reduces the detection and isolation in our model)
as mentioned in [I28]. Because Nepal is in the high risk zone of COVID-19 due to
its poor health system and porous borders with India, potential epidemic outcomes
predicted by our model strongly recommend the urgent implementation of control

strategies.

Since the pharmaceutical controls of COVID-19 was unavailable during its first wave,
most of the countries had been implementing the non-pharmaceutical approaches,
including the ones implemented by the government of Nepal, for mitigating COVID-
19 transmissions. As identified by our model in the context of Nepal, many countries,
such as China, Taiwan, and South Korea, which had been successful to control the
epidemics, also applied the strict lockdown, meticulous testing and tracking, and
massive isolation of people, precise and widespread contact tracing and testing [106, [45]
40, [170] as effective means of epidemic control. Therefore, we also evaluated the local
transmission related control strategies “Lockdown” and ”Detection and isolation” in
the context of Nepal, and identify the level of these policies required for successful
mitigation of potential COVID-19 surge in Nepal. For example, our result shows that
the lockdown level that can reduce the contact rate by 50% will decrease the peak of
new cases of COVID-19 below the 2600, significantly less than the predicted base-case
of 144 thousand. In this level of lockdown, the cumulative cases could also be reduced
from 18 million to less than 200 thousand. Similarly, the total COVID-19 cases could
be reduced to 494 thousand if the detection and isolation policy was increased by 1.4
times the base case. Importantly, our model has identified that for a significantly
large level of the detection and isolation (for example, greater than 1.6 time the base

case), the disease spread can be avoided without needing lockdown.

We acknowledge some limitations of this study. We used the limited data sets avail-
able publicly from the ministry of health and population of Nepal. Because of poor
policy at the border, the data related to border screen need to be carefully consid-
ered. The detailed data with accurate border screen and quarantine will improve
the predictions of our model. While the testing program for border screened pop-

ulation was better documented, the testing for local community is less understood,
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which may have slightly impacted on our estimates of detection and isolation rate.
However, we conducted sensitivity of this parameter over the wider range. We have
ignored the spatial heterogeneity on the dynamics and policy implementation, espe-
cially among seven provinces of Nepal. Not all provinces equally share border with
India and also cases distribution is not uniform. For example, Gandaki province has
sporadic transmission [I93] while other six provinces (Province 1, Province 2, Bag-
mati, Lumbini, Karnali and Sudurpaschim) show clusters of cases. Therefore, future
studies on province-wise analysis of COVID-19 transmission along with inter-province

mobility will help for better implementation of effective control strategies.

In summary, in this study, we develop a novel mathematical model to uncover effective
control strategies that were implemented in unique biphasic epidemic trend in Nepal,
under the influence of human mobility across open-border with India, one of the most
COVID-19 affected countries in the world. Quantification of these successful control
strategies through distinct two phases of epidemic in Nepal (the controlled phase and
the outgrown phase) has provided us with opportunity to evaluate the impact of these
strategies to curb potential surge in Nepal. Our results may provide important policy
guidance for devising the appropriate control strategies for bringing Nepal out from

the devastating pandemic.
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CHAPTER 4

TRANSMISSION DYNAMICS OF DELTA VARIANT
DOMINATED SECOND WAVE OF COVID-19 IN NEPAL

In this chapter, we present a data-driven modeling approach to study the delta variant
dominated COVID-19 transmission dynamics focused on two separate regions (high-
risk and low-risk). Considering two different regions is essential in the context of
Nepal because of the Nepal-India open border and largely populated cities in some
regions, making them higher than others. Especially all the districts of the Terai
region connected to India and populated cities such as Kathmandu, Surkhet, Pokhara,
Lalitpur, Bhaktapur, and Chitwan are taken as a high-risk region. We validated our
model by fitting it to the multiple real-time data sets containing new recorded cases
from the high- and low-risk regions as well as the hospitalized, Intensive Care Unit
(ICU), and Ventilator cases, and estimating key parameters of the model in a realistic
range. We estimated the effective reproduction number and predicted the hospital
beds, ICU, and Ventilators that would be needed in Nepal until April 2022. Moreover,
we extended our model to explore how various vaccination programs would reduce the

epidemic burden in Nepal.

4.1 Introduction

The COVID-19 pandemic caused by the novel coronavirus (SARS-CoV-2) continues
with multiple waves worldwide. The pandemic has already generated more than 587
million cases and 6.43 million deaths worldwide as of August 6, 2022 [201]. Among
the several waves of COVID-19 caused by the different variants of the virus, the Delta
variant (B.1.617.2) was the dominating strain during the second wave (June 2021 to
December 2021 [71], until it was suppressed by new Omicron variant. The World
Health Organization (WHO) classified the Delta variant as a global concern on May
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10, 2021, when it had already spread to more than 30 countries [125]. Notably, the
Delta variant circulating during the second wave was more infectious [34] 37, 138 [88],
197] than the wild type, and caused the highest number of cases and deaths compared
to other waves in Nepal [I1§].

The crisis of Delta variant COVID-19 surge was catastrophic in Nepal, significantly
ruining the fragile health care system after the second week of March 2021 [I87] . With
the country’s population of only 30 million, infections during the second wave soared
to over 9000 new cases per day recorded in the first week of May 2020 [118| [137]. As
of September 1, 2021, the total COVID-19 related death in Nepal is 10,770, among
which more than 7770 were during the second wave [I1§]. In May 2021, the whole-
genome sequencing tests of 35 swab samples confirmed 34 of them as Delta variants
(97%) [137]. Note that Alpha variant (B1.1.7) and K417N (AY.1.), a sub-lineage of
B.1.617.2, have also been identified in Nepal [119].

In response to the second wave of COVID-19, the Government of Nepal implemented
the lockdown on April 29, 2021, beginning from Kathmandu, the capital city, and later
extending to all parts of the country [7]. Despite the lockdown for about four months
and implemented vaccination, the transmission of the disease was still significantly
high (2052 new cases and 20 deaths on September 1, 2021 ([I18]). The potential
devastation of this pandemic is highly unpredictable, primarily due to significant
asymptomatic and undiagnosed cases [19, 103} 121], T49]. Moreover, the transmission
dynamics of the second wave of COVID-19 was quite different from the first wave
because of the availability of COVID-19 vaccination, improved treatment strategies,
and a higher infectivity of the Delta variant [76, 85]. During the second wave, a
higher reproduction number has been reported [62] [197], and also infected individuals
experienced more severe infection resulting in a higher rate of hospitalization [I8],
68, [74], 160]. Different vaccines are found to have varying effects in the community
across different regions of the world depending on the variants [2, 109]. Therefore, it
is critical to gain insight into the unique transmission pattern and potential burden
of COVID-19 in Nepal to design policies for the proper management of health care

facilities and vaccination.
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4.2 Methods

4.2.1 Data

The data used in this study is obtained from the Ministry of Health and Population,
Government of Nepal [I18]. We used the data from 14 March to 15 September 2021
to fit the model. The six different data sets, the daily new cases of the whole country,
the high-risk and low-risk regions, and number of patients in medical care, ICU, and

ventilators were used in our model fitting and simulation.

4.2.2 Transmission Dynamics Model

To develop a transmission dynamics model based on the SEIR framework, the total
population is divided into high- and low-risk regions. The high-risk region consists
of 22 districts, which have an open border with India and/or have highly populous
cities, such as Kathmandu, Kaski, Chitawan, and Surkhet. The remaining districts
belong to the low-risk region. The map of Nepal showing the high and low risk region
is shown in the figure

Figure 14: To create the map, the data (shapefile format) was obtained from the official
web page (http://dos.gov.np) of the government of Nepal (Accessed on April 23, 2021).
The map was then created using cartography package in R 4.3.1. The yellow region consti-
tute the districts of high risk region and that of deep blue is low risk region.

The population of each region is divided into sixteen distinct compartments: Sy, Sy,

52


http://dos.gov.np

(susceptible), Ey, Ey, (exposed), Iry, I, (recorded infectious), Irpy, Iy, (non-recorded
infectious), My, My (Medical care), Iy, I.; (ICU), Vg, Vy (Ventilator) and Ry, Ry,
(recovered), where the suffixes H and L are used to indicate the high- and low-risk
regions, respectively. Ay and A represent the birth rate in the high and the low-risk

regions, respectively.

The immigrants from abroad enter only the high-risk region at the rate of A(¢). Among
the immigrants A(t), a portion ¢ is tested by the antigen, and the rest (1 — ¢) entered
to the community without the antigen test. The portion p of the immigrants with a
positive test result entered the recorded infected class (Iry) of the high-risk region
and the remaining immigrants (negative test result) entered the susceptible class. The
immigrants without antigen test entered to the susceptible and non-recorded infectious
(Inp) with the same portion as that of tested immigrants. Since the low-risk region
does not have a border with India, there is no recruitment from immigration in low-

risk regions.

7(t) represents the mobility rate between two regions with corresponding classes (sus-
ceptible, exposed, non-recorded infectious, and recovered). The transmission rate
from recorded infected individuals of both regions, non-recorded infectious individu-
als in the high-risk region, and non-recorded infectious individuals in low-risk region
are denoted by fi1, 52(t), and (53(t), respectively. The exposed individuals become
infectious at the rate of 4, among which a portion # are recorded and the remaining

(1 — 0) remain non-recorded in both regions.

Among the recorded infectious, a portion w of infected entered the medical care class,
and the remaining (1 —w) enter the class without medical care in both regions. From
the medical care class, the severe patients enter an extreme medical care class at the
rate v, among whom a portion v require the ventilators and the remaining (1 — ¢)
portion are admitted to ICU. The rate of recovery from the recorded class without
medical care and non-recorded infectious class is denoted by n and those from medical
care, ICU, and ventilator are denoted by «,,, a., and «,, respectively. The natural
death rate is denoted by p and the disease-induced death rate for recorded and non-
recorded infectious are k and k', respectively. The disease-induced death rate for
medical, ICU, and ventilator are ki, ko, and k3, respectively. The schematic diagram
of the model is shown in Fig. [L5]
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Figure 15: The compartmental diagram of the model. The compartments within the
red box and the blue box belong to the high- and the low-risk regions, respectively. The
arrow represents the transfer from one compartment to another. For clarity, the natural
and disease-induced death rates are not shown in the diagram.

The dynamical system consisting of ODEs of the model is as follows:

as Ing + Bilru) S
= = A+ S - (P2l Nil W) SH () S+ A= )(1 = 6) + AB)(L — p)o
(4.1)
as Ing + Bilwy) S
_L _ AL"—’}/SH o (B3 NL 61 RL) L N (’Y+M>SL (42)
dt Ny,
dE Inu + Bilru) S
dtH _ (Balxm N@l ri) Su +vE, — (Y40 + p)Ey (4.3)
H
dE Ing + BilgL) S
v Wslvi+Bilre)Se g sy, (4.4)
dt Np
d]NH !
o = 0= 0) By +yIne — 0+ K+ p)Ivg + At)p(l = ) —vInn (4.5)
dl /
d]ZL =5(1—-0)EL +~vIng — (n+ K + ) Inp — vIne (4.6)
dl
C;H = 00(1 —w)Ey + At)pd(1 —w) — (n+ k + p)Irn (4.7)
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ARy

= 00(1 = W) By — (0 + K+ 1) n (4.8)
dM

—r = 0B + At)pwe — (b + p+ a +v) My (4.9)
di\gL = 60wEL — (o + k1 + p+v) My, (4.10)
dflf = (1 = )My — (e + b+ 1) L (4.11)
déf = (1 — )My, — (0 + ks + 1) Loy, (4.12)
dz—tH = vpMpy — (ac+ ko + p) Vir (4.13)
% — M — (e + ko + 1) Vi (4.14)
% = acleg + My +n(Iry + Ing) + Vi + Ry — (1 +7) Ry (4.15)
% = acler, + YRy + anMp +n(Inp + Irp) + Ve — (v + p) R (4.16)

Here, Ny = Sy +FEuy+1py +Ing+ My +1eg +Vu+ Ry and Np, = Sp + Ep + Igp +
Inp +Mp+ 1 + Ve + Ry

4.2.3 Extension of Model to Integrate the Vaccination Pro-
gram

We extended our model to incorporate the vaccination program by further divid-
ing each compartment into vaccinated and non-vaccinated compartments except the
recorded infectious compartments and medical compartments. For our study period,
we assumed that there is no loss of immunity of vaccinated and recovered people. In
the vaccinated compartments, there is a reduced infection rates and a reduced rates
of hospitalization and medical care. The schematic compartmental diagram of the

model with vaccination program is shown in Fig. [I6]
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Figure 16: The compartmental diagram of the model with vaccination. The green boxes
represent the vaccinated compartments. All other rates of transfer between compartments
are the same as in Fig. except transmission rates and hospitalization rates (8}, i = 1,2, 3,
and w').

4.2.4 Integration of Lockdown Policy in the Model

The lockdown in Kathmandu valley was started on March 29, 2021 and gradually
extended to almost all parts of the country. To model this scenario, we define the

transmission rate f2(t) and [3(t) as follows:

Bo(t) = B, for t <47
A Br((1— Cb)e(*’"Ht) +¢), for t>47
3 (t) _ Br, for t <47
ST BL((1 = )l ), for > 47

where Sy and 3, represent the transmission rates before lockdown on the high-risk
region and the low-risk region, respectively. Following the lockdown, the transmission
rates of high-risk and low-risk regions decay at the rates ry and rp, respectively. We
further estimate the different values of rg and r, for different time periods according
to the different levels of lockdown. We took ¢, = 0.3 assuming up to 70% reduction
on contacts during the prolonged lockdown period [132]. Note that the transmission
of diseases by the recorded infectious remains the same regardless of the lockdown
situation. Since the inter region mobility is quite different during the lockdown period

from the per-lockdown period, we consider two different mobility rates v(t) = 1,
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and 7 for the period of pre-lockdown and lockdown, respectively. The remaining

parameters were estimated from data fitting by using the least square method.

4.2.5 Initial Values of the State Variables

The new cases have been raised since March 14, 2021, so we take March 14, 2021,
as initial time (¢ = 0). The total population of Nepal in the census year 2011 was
26,494,504 and it is projected to be 29,996,478 at the end of 2020 [40]. There are about
3 to 4 million Nepalese workings in India [99, 140] as a seasonal migrant workers, so
we deduct 3.5 million people from the total population. The seroprevalence survey
in Nepal [121] during the first wave also shows the 14.4% (95%CI 11.8-17.0) which
was conducted in the first week of October 2020 when the first wave was in peak. By
using our model [4] with fitting the remaining data (from 17 September 2020 to 13
March 2021), we approximately estimate the 24% seroprevalence up to 14 March 2021.
We also deduct this population and finally take the initial susceptible 20,000,000
for this study. Out of these susceptible, our high and low-risk regions constitutes
about 65% and 35% population respectively[40] so, we take Sy (0) = 13,000,000 and
S(0) = 7,000,000. Similarly, we have 24% seroprevalence in to two regions which
gives us Ry (0) = 4,700,000 and R;(0) = 2,500,000. We approximately assumed the

values of other other remaining state variables as for the best fit of the model.
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Table 2: Values of estimated and fixed parameters.

Description State variables Base Value Reference
Susceptible population in high risk region  Sy(0) 12,818,000 Calculated
Susceptible population in low risk region Sr(0) 6,479,000 Calculated
Exposed population in high risk region Ey(0) 100 Assumed
Exposed population in low risk region E(0) 80 Assumed
Recorded infectious population in high

risk region Iru(0) 200 Assumed
Recorded infectious population in

low risk region Irr(0) 100 Assumed
Non-Recorded infectious population in

high risk region Ing(0) 1000 Assumed
Non-Recorded infectious population in

low risk region In.(0) 800 Assumed
Patients in medical care in high risk region Mg(0) 0 Assumed
Patients in medical care in low risk region M (0) 0 Assumed
Patients in medical care in high risk region I.5(0) 0 Assumed
Patients in medical care in low risk region M., (0) 0 Assumed
Patients in medical care in high risk region Vy(0) 0 Assumed
Patients in medical care in low risk region  V(0) 0 Assumed
Recovered population in high risk region Ry (0) 4,608,000  Calculated
Recovered population in low risk region R (0) 2,568,000 Calculated

4.2.6 Calculation of the Effective Reproduction Number

We use the approach developed by Thompson et. al [I73] (describe in the section[2.1.5)
for the estimation of effective reproduction numbers using the EpiEstem package of
the R program. We take the mean serial interval as 4.7 days (95% Crl: 3.7, 6.0) days,
with an SD of 2.9 days (95% Crl: 1.9, 4.9) days based on the study [127].

4.2.7 Parameter Estimation and Model Fitting to Data

The model is fitted to the multiple data sets, containing the daily new cases of the

whole country, the high-risk and low-risk regions, and patients in medical care, ICU,

and ventilators. From our model, the recorded new infections in Nepal, the high-risk

region, and the low-risk region, the number of patients in medical care, ICU and
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ventilator at time ¢ can be computed using the following respective equations:

L.(t) = 60En + A(t)¢p + 00EL, (4.17)
L. (t) = 00Ey, (4.19)

Lm(t) = /0t<(5w9(EH+EL)+)\<t)¢pw—am(MH+ML)—/{31(MH—i-ML)—V(MH—i-ML))dt,

(4.20)
Lo(t) = / (1 — ) (My + M) — (ko + a) (M + Mp))dt,  (4.21)

We use the solutions to obtain the best-fit parameters via a nonlinear least-squares
regression method (describe in the section [2.2). that minimizes the following sum of

the squared residuals:

’ .
Here, o* = (BlaﬁHaﬁLaHaTH7TL771772awvy7w7amaa07a’u7Vakak7k17k27 k3) 1s a vector

of parameters to be estimated.

4.2.8 Computation of Basic Reproduction Number

4.2.8.1 Reproduction Number of the Whole Country

First we calculate the diseases free equilibrium point. At the disease free equilibrium
point the portion of positive antigen test is zero, i.e p = 0, and we use the pre-
pandemic condition A = A\(0) and Ey = Ef = Iry = Igp, = Ing = Inp = My =
My =1.g=1., =Vyg =V, =0. We get the following disease free equilibrium point:
E* = (S%,55,0,0,0,0,0,0,0,0,0,0,0,0,0,0), where

MO)(y +p) + (v + ) Ar + AL
(2 + p)

YA0) +yAm + (v + p)AL

Si =
. (27 + 1)

*
7SL:
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We now divide the compartments into two groups: infected ¥ = (z;,i = 1,2, ...,12) =

(Ew, Er, Ipg, Ipe, Ing, Inp, My, My, Ieg, I, Vi, Vi) and non-infected i = (y;,j =
1,2,3,4) = (Sg, Sp, Ry, Rr). Then the system (4.1H4.16)) can be written as:

IL’; = fz(fa ?j) and y; = gj(fa ?j) fOI' i = 1727 o 12’j = 172’3’4'

The right hand side of the system of infected compartments can be written as:

fi(Z,9) = Fi(Z,9) — Vi(Z,7), where F;(Z, ) contains the terms representing the new

infections in compartment i and V;(Z, ¢/) contains the terms containing the difference

between the transfer of individuals out of and into the compartment i. Then we con-

struct the following two matrices using F' = (8—F> and V = (

ox;
free equilibrium (DFE) point as follows:

Agxe  Osxe Bsxe  Osx6
F= V= ,
( Osx6  Ogxo Osx6  Coxe

where

ovi
ox;

> at the diseases

00 Ber 0 ZpEooo
00 o &% o i
L
A=l00 0o 0o 0o 0 |,
00 O 0 0 0
00 O 0 0 0
00 O 0 0 0
Y+O0+p -y 0 0 0 0
-y Y+ +p 0 0 0 0
—00(1 — w) 0 E+n+p 0 0 0
B 0 —00(1 — w) 0 E+n+p 0 0
—0(1—0) 0 0 0 y+n+p+ K —
0 —o(1—0) 0 0 —y y+n+p+ K
—00w 0 0 0 0 0
0 —00w 0 0 0 0
and
D 0 0000
0 D 0000
oo | va-w 0 g 000
N 0 —v(l—=1%) 0 ¢ 0 0
- 0 00 0
0 —vY 000 r

Here p=Fki +pu+apm, q=ac+ ko + p, and r = ks + p + .
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The largest eigenvalue of the matrix FV~! gives the basic reproduction number as

follows: 1
Ro=5 (D+ VD —iE). (4.23)
where
b _ BTSENG + BT NG + BTsSi NG + BsTaSi Ny
N;, N} )
b _ SuSLBTE = T3 + (Ba + Bs) BTV Ts — (Ba+ Ba) BT + BafBs (T3 — T7))
N}, N; ,
T, = 001 —w)(y+ 0+ p) T = ~80(1 — w)
O+ m)(2y+ 0+ p)(n+k+p) Ot )+ +m)n+k+p)
Te — V(1 =0) (27 +0+n+k +2p)
PNy S+ ) (R ) 2y K )
ami7125u_HN&W“M+WM+V@7+5+n+H+2M+ﬁy+uk+u%

O+ )2y +d+p) (n+K+p) 2y +n+k +p)

At the Diseases Free Equilibrium (DFE) point, S}, = Nj;, and S} = N}, then the

basic reproduction number is obtained as:

1
Ry = 5 (251T1 + 0215 + B3T3 + \/45253T42 + 451 B3 ToTy + ABYTS + (B2 — B3) 215 + 45152T2T3) :
(4.24)
The corresponding effective reproduction number is obtained by making the respective

state variables of Eqn. 4.23] as function of t.

4.2.8.2 Reproduction Number of the High Risk Region

Similar to the section 4.2.8.1 we construct the following two matrices for high risk

region at DFE point as follows:

0 &% 255 o g 0
H H
0 0 0 000
Fa—| 0 0 0 000
0O 0 0 000
0O 0 0 000
0O 0 0 000
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Y404 0 0 0 0 0
—00(1—w) k+n+u 0 0 0 0
Ve —4(1 —0) 0 E+v+n+u 0 0 0
i —60w 0 0 A v+ ki + oo, 0 0
0 0 0 —v(1 =) gtk + 0

0 0 0 —u 0 o+ ks + o

and, furthermore,

50(1-w)S b1 5(1-0)S}, B2 Sib1 S8

G+ NG T G NG Gt FanroNg 0 00

0 0 0 000

PVt = 0 0 0 000
0 0 0 000

0 0 0 000

0 0 0 000

The dominated Eigenvalue of FVy, ! gives the basic reproduction number of the high-

risk region as follows.

Sio (B2(1=0)(n+k+p) + 081 (1 —w)(y+n+ K +M))‘

Ryo = 4.25
e Ni(v+o+p)n+k+p)(y+n+ K+ p) (4.25)
. Using N}; = S}; for DFE point, we obtain
) 1—4 k 06,(1 — K
Riyo = LU= 0+ k+p) + 0511 = w)(y + 1+ + p)) (4.26)

(Y+o+pm)n+Ek+p)(y+n+k+

The corresponding effective reproduction number is obtained by making the respective

state variables of Eqn. 4.25|as function of t.

4.2.8.3 Reproduction Number of the Low Risk Region

Similar to the high risk region, we construct the following two matrices for low risk

region at DFE point as follows:

jes)
)
9]

B1ST, T

0 82 B2 0 0 0

L L
0 0 0 000
F—|0 0 0 000
0 0 0 000
00 0 000
0 0 0 000

62



and

v+Oo+p 0 0 0 0 0
—00(1—w) k+n+u 0 0 0 0
v —0(1—0) 0 E+~v4+n+u 0 0 0
L= —d6w 0 0 w+ vk + an 0 0
0 0 0 —v(l =) w+ ko + . 0
0 0 0 —v1) 0 1+ ks +
Now, we have
30(1-w)ST A1 + 5(1-0)S7 B3 S B1 S B3 00 0
(yHo+p)(ktn+p)NE - (vHO+R) (K +y+n+p)NE (k+n+p)NE (K +y+n+p)Nf
0 0 0 000
FLVt = 0 0 0 0 00
0 0 0 000
0 0 0 0 00
0 0 0 000

The dominated eigenvalue of Fy V' gives the basic reproduction number as follows.

Sio (101 —w)(y +n+ K + p) + B3(1 —0)(n+ k + 1))

Rro — . 4.27
o Ni(y+o+pm)m+k+p)(y+n+K+p) (427)
Using N} = S} for DFE point, we obtain
§(B10(1 — k' 1—6 k
Ry = QA0 — W)y 0+ K+ ) + (1= 0)(n + ki + 1)) (4.98)

(Y+o+u)n+k+m)y+n+k+p)

The corresponding effective reproduction number is obtained by making the respective

state variables of Eqn. |4.28| as function of t.

4.3 Results:

4.3.1 Pattern of the Second Wave of COVID-19 in Nepal and
Model Validation

We used the extended model to fit the data and future predictions. The model was
fitted to the multiple data sets consisting altogether 1116 data points simultaneously
(186 data points of each of the daily recorded new cases in the whole country, the high-
risk region, and the low-risk region, and cases in medical care, ICU, and ventilator
Fig. . The large number of 6 different kinds of data points allowed us to estimate

the unique parameters. In the beginning, the vaccination level in Nepal was negligible,
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Figure 17: Model Fitting to Multiple Data Sets. Daily reported cases of the whole country
Nepal (a), the high-risk region (b), and the low-risk region (b), and cases in medical care
(d), ICU (e), and ventilator (f). Solid lines represent the model prediction, and the circles

represent the data.

but from middle of July 2021, the vaccination rate was significantly increased. So, we

also incorporated the realistic vaccination program in our basic model fitting. The

model is in excellent agreement with each data set, asserting the validation of our

model.

We take different decay rates ry and r;, of transmission to address the different level

of lockdown in different parts as follows:

0, for 0 <t <47 Pre-lockdown period)
0.082, for 47 <t < 52 Lockdown start at Kathmandu Valley)

rg =

0.13, for 52 <t < 95 Lockdown to all regions)

—0.05, for 95 <t < 135 (Relaxation of lockdown)
0.035, for 135 <t < 186 (Partial re-lockdown in some parts)
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Table 3: Values of estimated and fixed parameters

Symbol Value References
b1 0.005 Data fitting
Bu 0.525 Data fitting
Br 0.235 Data fitting

0 0.05 Data fitting
o) 0.1 Data fitting
p 0.1 [118]
k 0.0002 Data fitting
K 0.00002 Data fitting
k1, ko, ks | 0.001,0.041,0.071 | Data fitting
Y1, Yo 0.015, 0.0001 Data fitting
w 0.1125 Data fitting
T 0.1 Data fitting
v 0.05 Data fitting
(0 0.21 Data fitting
Qs Oy O | 0.092,0.1,0.0625 | Data fitting
n 0.0588 [195]
) 0.1923 [T05]

0, for 0 <t <47 Pre-lockdown period)
— 0.033, for 47 <t < 105 Lockdown start and extend to other parts)
77} —0.038, for 105 <t < 135 (Relaxation of lockdown) ’
0.038, for 135 <t < 186 (Partial re-lockdown in some parts)

The second wave increased rapidly until the 1st week of May 2021, hitting the highest
new cases of 9,070 on May 6, 2021. The implementation of lockdown reduces the
new cases in both the high- and low-risk regions, but the effect observed in the low-
risk region was one month delayed compared to the high-risk region. Such spatial
disparity under the same national-level program was also noted in the previous study
(46), which performed the province-wise analysis of the first wave of COVID-19 in
Nepal. After the relaxation in lockdown in some places of the high- and low-risk
regions, the COVID-19 cases re-surged from mid-July of 2021, forcing these places
to impose the second lockdown (For example, Jhapa district imposed the second
lockdown from the last week of July 2021 and then relaxed from the second week of
August 2021 [168]). The estimated parameters are given in Table
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4.3.2 Long-term Prediction of the Second Wave of COVID-
19 in Nepal

Here, we used our extended model to predict the long-term trend of the epidemic from
16 September 2021 to the end of April 2022 with the scenario of gradual relaxation of
lockdown to reach the pre-lockdown phase. We also used our model to evaluate the
various vaccination programs that the Nepal Government could implement. The trend
of the epidemic with the level of vaccination implemented by the government (Fig.
shows a steady decrease to an almost extinct level with no cases of hospitalization
at the end of April 2022. However, we note that our prediction was for the scenario
in which no novel strain of SARS-CoV-2 would dominate the transmission. As per
model estimations, 111,300 new cases would be reported, with 11,890 people needing
medical care, 3590 needing ICU, and 950 needing ventilators, from September 16,
2021, to April 30, 2022.
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Figure 18: Long term Prediction of the Model. Prediction of daily reported cases of the
whole country Nepal (a), the high-risk region (b), and the low-risk region (b), and cases in
medical care (d), ICU (e), and ventilator (f), predicted by the model until April 30, 2022.

4.3.3 Estimation of Reproduction Number in Nepal

We first estimated the reproduction number (R;) from the data using the Maximum
Likelihood Method (MLM) described in the section ([2.1.5). As mentioned earlier, the
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April 14 was the starting date of the second wave of COVID-19 in Nepal.Taking the
7 day window for the calculation of R, (see method section), we estimated the repro-
duction number from 21 April 2021-15 September 2021 (the last data considered). We
observed that before the lockdown, R; reached up to 2 in both the high- and low-risk
regions as well as in the whole country (around the 3rd week of April), indicating that
the significant community transmission of the disease had already occurred before the

lockdown.

While (R;) estimated from the data provides valuable information regarding the dis-
ease trend, it lacks the asymptomatic cases, which may be the dominating spreader
of the disease. To overcome this limitation, we also estimated the time-dependent
reproduction number (R;) by using our model. As expected, the model predicted a
higher value of the reproduction number of 4.2 due to the asymptomatic cases. (R;)
decreases rapidly after the implementation of the lockdown (Fig. . Around the
1st week of June, it fell below 1 and again raised following the partial relaxation of
lockdown. This trend of (R;) well-describes the trends of new cases in both high- and

low-risk regions.

Under the complete national-level lockdown, it took one month longer in the low-
risk region to bring (R;) below 1 compared to the high-risk region. Our model also
allowed us to predict a long-term (R;) up until 30 April 2022. According to our model
prediction, (R;) remained less than the threshold value 1, indicating the decreasing
trends of new cases in both regions (Fig. throughout the pandemic until April
2022.

4.3.4 Estimates of Seroprevalence

The antibody of COVID-19 forms in the body due to the viral infection and/or vac-
cination. Estimating the seroprevalence is practically essential for COVID-19, mainly
because of a large portion of unreported infected individuals. We assume that re-
covered and/or vaccinated people remain immune during the simulation period. We
estimated 63.9% seroprevalence (Fig. as of the end of July. We also used our
model to predict the expected seroprevalence during the pandemic until April 2022
(Fig. . As predicted by our model, the seroprevalence will reach ~ 90% in De-
cember 2021 and ~ 95% in April 2022. Moreover, our model allows us to identify
whether the seroprevalence achieved is due to vaccination, actual infection, or both.

Among the 89% seroprevalence achieved by December 31, 2021, ~ 7% are from vacci-
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Figure 19: Reproduction number. Time-dependent reproduction number of COVID-19
estimated from the recorded data for the whole country Nepal (a), the high-risk region (b),
and the low-risk region (c). Time-dependent reproduction number of COVID-19 estimated
from the model for the whole country Nepal (d), the high-risk region (e), and the low-risk
region (f). Note that the higher reproduction number estimated from the model is due to
the infection from the unreported cases. The horizontal lines indicate the threshold value,
R, =1, above (below) which shows an increasing (decreasing) trend of the disease spread.

nation, ~ 52% are from infection, and ~ 30% are from both vaccination and infection.
Similarly, ~ 7%, ~ 42%, and ~ 46% are expected contributions from vaccination, in-
fection, and both, respectively, towards the total seroprevalence of ~ 95% by April
30, 2022.

4.3.5 Role of Vaccination in the Mitigation of Second Wave
of COVID-19 in Nepal

Here, we consider different vaccination scenarios under the complete relaxation of
non-pharmaceutical interventions and used the model to predict the outcome of the
pandemic under these vaccination programs. Based on the literature, we modeled the
effectiveness of vaccination using a 50% reduction in infection and a 90% reduction
in hospitalization for vaccinated people. While we used this level of effectiveness for

demonstration purposes, the simulations with other values produce a similar qualita-
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Figure 20: Estimation of seroprevalence: The predicted seroprevalence achieved due to
actual infection only, vaccination only, and both. The first bar represents the survey data
by the government of Nepal.

tive behavior with a slight quantitative difference.

The government of Nepal has set the target to vaccinate 71.6% of the people from
the eligible age groups [I18]. Therefore, we focus on vaccination programs targeting
71.6% of the eligible population by a specific time frame. The vaccination rate, &,
in our model with the target to cover 71.6% eligible population by vaccination time
frame, T, can be calculated using £ = (—1In(1 — 71.6/100))/7" [135]. For varying
vaccination time frames from October 31, 2021, to April 30, 2022, and the varying
level of lockdown from 0% to 9%, we simulated our model to predict maximum daily
cases, the total cases, the total deaths, the total medical cares, the total ICUs, and
the total ventilators, during the pandemic until April 2022 (Fig. .

With the existing level of vaccination and complete relaxation of the lockdown, the

peak value of new cases would be 2232 per day. However, the peak can be reduced
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to 1726, 1966, 2070, and 2134 per day, respectively, when the vaccination time frame
was set to the end of October 2021, December 2021, February 2022, and April 2022.
Our model simulations show that the total number of cases by the end of April 2022
could be reduced from 154000 to 62000, 94000, 119000, and 132000 by setting the
vaccination time frame at the end of October 2021, December 2021, February 2022,
and April 2022, respectively. With these vaccination programs, i.e., the time frame
of the end of October 2021, December 2021, February 2022, and April 2022, the
number of recorded deaths can be reduced from 1509 to 686, 1017, 1196, and 1316,
respectively. Similarly, these vaccination time frames would reduce the total medical
patients from 16610 to 5885, 9965, 12150 and 14080, respectively. In this case, the
total ICU patients would be reduced from 4941 to 1964, 3147, 3790, 4220, respectively,
and ventilator patients will be reduced from 1305 to 522, 836, 1007, 1122, respectively

(Fig. [21).
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4.4 Discussion

The timely characterization of the COVID-19 wave is essential for policy intervention
to overcome the devastating impacts of the pandemic. In this chapter, we developed a
data-driven mathematical model to describe Nepal’s unique delta variant-dominated
second wave of COVID-19. Using multiple data sets simultaneously and considering
two distinct high- and low-risk regions are unique features with more practical appli-
cations in our model. Our results provide a great insight into some relevant scenarios
of COVID-19 in Nepal and predict the impact of potential vaccination programs on
mitigating the burden of the pandemic, helping policymakers design proper health

care facilities and vaccination strategies.

We identified the distinct pattern of the Delta wave in high- and low-risk regions
regarding its magnitude and time period. As expected, most of the cases (> 80%)
were recorded in high-risk region and it peaked about one month earlier than low-risk
region. Such spatial disparity on the pandemic trend was also found in the previous
study [133], which performed the province-wise analysis of the first wave of COVID-19
in Nepal. The increasing trend of the epidemics remained for the period of April-May

2021 in high-risk region and for the period of May-June 2021 in low-risk region.

The delta variant was the dominant variant during the second wave of COVID-19
in Nepal. As per our model estimates, the reproduction number of R, = 4.2 at the
beginning of the Delta variant dominated second wave was higher than the first wave
(~ 1.8) [4], indicating a significantly higher virus transmission during the second wave
than the first wave. The maximum likelihood method gives a relatively low effective
reproduction number (~ 2) at the peak time of epidemic that is similar to the other
study [5I]. The higher transmissibility of the Delta variant observed in our study is
supported by the previous studies in different parts of the world [34] 38, 68| 102, 155]
and higher reproduction numbers in many other reports and studies (Campbell and
Archer, 2021, Tto et al., 2021, WHO, 2021b). While the national implementation of
lockdown caused the reproduction number to decrease to below the threshold value
1, the effect seen in the low-risk region was about a month delayed compared to the
high-risk region. Such inter-regional disparity highlights that regional level policy,
and thus regional level modeling, is needed for more effective control of the local-level
outbreak. The inter-region discrepancy observed in our estimated R; is consistent
with the inter-provincial disparity identified in Pantha et al. [133] during the first
wave of COVID-19 in Nepal.
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The potential transmission from the undiagnosed cases is one of the most contributing
factors to the uncertainty of the COVID-19 pandemic, causing extreme difficulty for
its control. Estimating this critical transmission rate from undiagnosed cases requires
a large-scale seroprevalence survey, which is often limited by resources in develop-
ing countries like Nepal. We implemented our data-driven dynamical system-based
model to estimate this transmission rate. We found a significantly high transmis-
sion rate from undiagnosed cases (~ 95%), consistent with the seroprevalence survey
of the Government of Nepal (MoHP). Our model predicts ~ 63% seroprevalence in
Nepal at the end of July 2021, consistent with the result (~ 68.6%) from the Nepal
Government’s survey (MoHP). With the level of vaccination implemented, the model
predicts that ~ 95%) of people were immune to the circulating strains of COVID-19
by the end of April 2022. Among these immune people, about 46% had experienced

both vaccination and actual infection.

For developing countries like Nepal, timely assessment of expected burden is critical
to avoid an overwhelming situation in hospitals and medical facilities. Our simulation
results identified the duration of hospitalization of the COVID-19 patients in Nepal
(7 days in normal medical care, 7.2 days in ICU, and 7.5 days in ventilators) shorter
than that noted in other studies [74} 103, 178, 183, I88]. As in many other studies
[88), 155, 178, [183] , Nepal faced a significant increase in the hospitalization burden
due to the delta-variant compared to the wild-type. Based on our model analysis, we
found the hospitalization of ~ 11.25% of recorded cases in Nepal, similar to the rates
identified in other countries (~ 9.2%—25%) [18,[74]. Among the hospitalized patients,
~ 35% of them needed extensive medical care, such as ICU and ventilator. According
to the report on May 2020 [119], Nepal had 26,930 hospital beds, 1595 ICU beds, and
840 ventilators, including the government and private sectors. The Government of
Nepal planned to allocate one-third of these facilities for COVID-19 patients. Later,
the Government of Nepal extended its capacity to 10,116 hospital beds, 1648 ICUs,
and 1088 ventilators for COVID-19 patients [I18]. Interestingly, these data show that
the predicted total hospitalization burden remains below the total capacity of Nepal
even though the country is expected to have limited medical resources and prevention
programs. However, we note that during the peak time (last of May 2021), many
national and international media [27), 140}, [188] covered the news about a shortage
of hospital beds, ICU, ventilators, and oxygen cylinders. This discrepancy may be
attributed to mismanagement of the hospital infrastructure and/or under-reporting
of patients. We also note that the low hospital rate may partially be attributable to

the hospitalization of only complicated cases or scarcity of the hospital beds at the
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time of peak [27, [188] [140].

The significant impact of the vaccination, including against the new variants, has
been reported [2, 109]. Both vaccination programs and the relaxation of lockdown
were ongoing in Nepal after the September 2021. We implemented our model to
predict the potential epidemic trends and medical care needed (hospital bed, ICU,
ventilator) for various coverage rates of vaccination programs and levels of lockdown
during the pandemic until April 2022 ( Fig. . Our model predictions of 111,300
cases, 11,890 hospitalizations, 3590 ICUs, and 950 ventilators by the end of April 2022
is also compatible with the prediction of IHME model [81]. The results on vaccination
and lockdown provide information on suitable strategies for Nepal to manage medical

care and the pandemic burden.

We acknowledge some limitations of this study. Daily new cases may be affected by
the number of tests and the positivity rate, which were not considered into our model.
The inherent complexities of an unfolding epidemic, human behavior, implementation
timing, and governmental policy change may have some impact on our predictions.
We ignored the spatial heterogeneity in the dynamics within each region, the high-
and low-risk regions. Furthermore, the in-homogeneity of the age structures of the
study population was ignored. These questions can be addressed by heterogeneous
and/or age-structured models, but more granular data is required. We considered
high- and low-risk districts based on interconnections with India, a highly affected
country by Delta variant, population density, and mobility pattern. The lack of
data and information might have caused some uncertainty in categorizing districts
into high- or low-risk regions. For example, our model classified the Makawanpur
district, which is connected to high-risk districts (Chitwan, Lalitpur, and three Tarai
districts), as low-risk due to its low density, low mobility pattern (a hilly district),
and low infected cases. Moreover, because of the lockdown implemented during the
second wave, there was less mobility across the districts, making Makawanpur a low-
risk district despite its high-risk neighboring districts. Our long-term predictions
were under the assumption that a novel strain would not appear for the study period.
Therefore, the results need to be interpreted when the viral evolution and emergence

of more severe strains are absent.

In summary, our data-driven model reveals some essential and insightful facts regard-
ing the Delta-dominated second wave of COVID-19 in Nepal. In-depth exploration of
the potential discrepancy between the actual epidemic burden and the recorded data

suggests the policymakers revisit the gaps between the plan and practice of man-
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agement of the pandemic. Estimated seroprevalence, new COVID-19 cases, and the
hospitalization burdens under vaccination can provide helpful information for design-

ing plans to control the pandemic in Nepal.
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CHAPTER 5

DATA-DRIVEN MODELS FOR THE RISK OF
INFECTION AND HOSPITALIZATION DURING A
PANDEMIC: CASE STUDY ON COVID-19 IN NEPAL

In this chapter, we developed data-driven models to estimate the real-time risk of in-
fection and hospitalization. Then we implemented our models on the data of COVID-
19 in Nepal to estimate the province wise time dependent reproduction numbers, the
risk of disease, and the risk of hospitalization. Using our models, we compared the
Delta and Omicron waves and their impacts on the province-level community and
healthcare systems. Furthermore, we used our model to evaluate the effects of inter-

vention policies on the risk of infections.

5.1 Introduction

During the pandemic, a lack of knowledge about the risk of circulating new strains,
which may be more contagious and capable of evading the immune response of previ-
ously infected individuals or vaccinated, may lead to unusually high cases [84]. Due
to the uncertainty and variability in disease severity across different strains, there are
often insufficient resources and preparedness, resulting in overwhelmed hospitaliza-
tions and shortages of medical staff, equipment, and beds. Consequently, individuals
may postpone seeking medical attention and neglect preventive measures, which can
ultimately increase the risk of death, as witnessed in Nepal and India during the Delta
variant outbreak [3], IT1]. The uncertainty on the risk of infection and hospitalization
may have a greater impact, especially on developing countries like Nepal, because of
the resource limitations. Thus, estimating the real-time risk of infection and hospital-
ization is crucial for assessing disease transmission and managing medical resources

to minimize the burden of pandemics.
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The effective reproduction number is widely used to assess the speed of an epidemic; if
it is greater than one, the disease is rising [179]. However, due to the differences in the
size of the susceptible population, the number of infected individuals, and the popu-
lation’s contact pattern, two localities with the same effective reproduction number
may be vulnerable in different magnitudes (different magnitudes of incidence) during
the pandemic. In such situations, estimating the risk of infection and hospitalization
is essential, which can better describe epidemic status and healthcare capabilities.
Limited clinical case studies [26, 57, 101} 147, 167, 203] and a handful of mathe-
matical models [30, 113], 116} 185] estimate the risk of infection and hospitalization.
However, none of these studies have combined mathematical models with real-time
incidence data, active hospitalization, and population contact patterns, constituting
the essential factors associated with disease transmission and controls. Such data-
driven mathematical models can accurately estimate and quantify the real-time risk

of infection and hospitalization during the pandemic [3, 124, 134].

5.2 Methods

5.2.1 Data

The countrywide and province-wise data were obtained from various available sources,
including the official websites of the Ministry of Health and Population Nepal [122]
and the Central Bureau of Statistics [40]. We considered the data containing the
daily new COVID-19 cases and the active hospitalization cases in seven provinces of
Nepal from 1 April 2021 to 31 March 2022, covering both Delta and Omicron waves.
Based on the information about the circulating viral strains, we assumed that the
Delta surge occurred between 1 April and 30 December 2021 and that the Omicron
surge occurred from 1 January to 31 March 2022.

The contact rate, which depends upon the mobility of the population, plays a vital
role in disease transmission. Since the population is a heterogeneous mixture of dif-
ferent age groups with different mobility and contact patterns, we utilized a previous
study’s age-specific contact rates for Nepal [123]. Here, a contact is defined as either
skin-to-skin contact, such as a kiss or handshake (a physical contact), or a two-way
conversation with three or more words in the physical presence of another person
but no skin-to-skin contact (a nonphysical contact) [141]. Based on the previous

studies [123, 141], we estimated an average of 19.31 contacts per person daily. The
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Figure 22: (a) Age-specific contact matrix for Nepal. The two axes that start at the top
left of the matrix represent the age groups that make up the population. (b) The average
number of contacts per individual per day of different age groups in Nepal. The age groups
are split into the following categories: preschool, school, 10 + 2 and college, working, and
old age.

contact matrix, including population mixing patterns and distribution of contacts by
age groups, is presented in Fig. We calculated the group-wise contact rate us-
ing the weighted arithmetic mean of contact rates of different age groups. Details of

the study design and data collection procedure of contact rate are provided in the
previous study [141].

The overall impacts of NPIs reflects in the reduction of contact rate. To estimate
the impact of different level of control interventions (0%,40%, 70%) we reduced the
contact rates by 0%,40%, 70% respectively. For impact of NPIs in age groups (schools,
colleges, and working), we reduced the contact rate of respective age group by 70%
keeping the unchanged contact rates of other groups and calculated the new average
contact rates. With these assumptions and based on the previous study [123], we
took the contact rates of 13.79 for closure of schools and colleges, 14.65 for closure of

working places and 5.79 for lockdown.

The total population of Nepal and its seven provinces was taken from the recently
published results of the population census of Nepal, 2021 [40]. Since about 7.45% of
Nepalese are in foreign countries [40], we only took 92.55% of the total population for
our study. The total population and population used in our study is given in Table

Ml
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Table 4: Total population of Nepal and its provinces. The third column contains
the populations used in our study.

. . Population for the study

Regions Total population (10.9255 x Total population)
Nepal 29,136,808 26,966,116
Province 1 4,972,021 4,601,605
Madhesh Province 6,126,288 5,669,880
Bagmati Province 6,084,082 5,630,818
Gandaki Province 2,479,745 2,295,004
Lumbini Province 5,124,225 4,742,470
Karnali Province 1,694,889 1,568,620
Sudur Paschim Province 2,711,270 2,509,280

5.2.2 Estimation of the Effective Reproduction Number (R;)

We require two data sets to estimate R; using MLM: the number of new cases (inci-
dence of cases) over time and the generation time (time duration between the primary
and secondary infection). The generation time is usually not observable but can be
approximated with the serial interval [98], which is defined as the time between the
onset of symptoms of primary cases and that of secondary cases [184]. Many studies
[42], 146, [166], 206] have reported that the serial interval follows a Gamma distribu-
tion with certain means and standard deviations. We described the detail method in
section

5.2.3 Estimation of Risk of Infection

We assume that C, represents the instantaneous contacts of an individual at time ¢
and C' is the average (expected) number of daily contacts. We assumed the contact
(Cy) follows a Poisson distribution with mean C, i.e., C; ~ Pois(C'). We further
assumed that N is the total population, which we assumed to be constant during the
short period of a single surge, and I; and I/* are the number of new infections and

active infections at time ¢, respectively. Taking ( as the average infectious period (in
t

days), I = Z I;. Thus, the average contacts of an individual with the infectious
s=t—C
people at time ¢ is C;I'/N.

We now assume P, to be the probability that a single contact with infectious people
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leads to successful infection and S; to be the number of susceptible individuals at
A

time ¢. Then the number of new infections at time t is C,—=P,S,. Also, since the
effective reproduction number is R;, the number of new infections generated by a single
infectious individual at time ¢ is R;/(. On average, the total new cases generated by
all infectious people I at time ¢ is R;I/*/¢. Thus we have
JA
CtﬁPtSt = RI/C
— P, = R,N/(CC,Sy),

which gives the probability of infection at a single contact with an infectious person.
Then, (1 — P;) represents the probability that a single contact with infectious people
does not result in a successful infection. There are CyI/!/N contacts of an individual
with infectious people at time ¢t. Then, the probability that non of these contacts
with infectious people results in a successful infection is (1 — Pt)C‘ItA /N Thus, the

probability of infections (i.e., the risk of infection at time t) is

1— (1 — Pp,)CHiN,

5.2.4 Estimation of Risk of Hospitalization

We consider time-to-hospitalization a random variable because it is randomly influ-
enced by various factors, such as the severity of illness, access to healthcare, demo-
graphic factors, the geographic variation that are subject to variation and uncertainty.
These factors can differ both across individuals and geographic regions, resulting in
heterogeneity in the distribution of time-to-hospitalization. We assume g, to be the
probability distribution of the time-to-hospitalization after becoming infected at time

h and H; to be the risk of hospitalization at time ¢ of an infection. Therefore, the num-
t

t
ber of new hospitalized cases at time ¢ is H; Z I ngn = Hi A\, where A\, = Z I _1gn.
h

h=1 =1
Denoting v as the average duration of the stay at the hospital, the number of active
hospitalized cases at time t is
t
> M
j=t—v+1
We assumed that the active hospitalization cases follow the Poisson process. Then the

likelihood of active hospitalized cases H; with given hospitalization rate H;, incidences
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Iy, I, I5, ..., I;, and distribution gy, is:

e Jj=t—v+1

t
¢ Heoo— Y H
(£

j=t—v+1

P(Htljo,jl,[2,...,[t,gh,%t) = H
t.

Using a Bayesian framework with a Gamma distributed prior with parameters (6, ¢)
for Hy, i.e., Hy ~ Gama(f, ¢), the posterior joint distribution of H; is
P(Ht|[07 Ily 127 ceey -[t7 Ht) gh)
X P(Htu—m Ila IZa sy It7 9hn, Ht) P(Ht)
¢
Hy — Z Hj/\j
) e j=t—v+1

j=t—v+1

H,! - T(9)¢?
Since the stay in hospital is shorter than the surge period, we assumed that H; is

constant for the time period ¢t — v to t. Then we obtained

P(Ht|-[07 ]17 127 ceey -[t—ua Ht7 gh)

t
)Ht —Ht Z >\j

t
- H
Hft( Z /\] e j=t—v+1 __t
x j=t—v+1 Hf_le 0
21 Ok
t t He
‘Ht< > Aj+1/¢> ( > Aj)
Hy+0—1 o1 j=t—v+1
< | H, e J=t-rt iR .

Note that we used the Gamma distributed prior conjugate to the Poisson likelihood.
From the expression above, the posterior distribution of H;, given the new cases
and active hospitalized cases, conditional on the post-infection hospitalization timing

distribution gy, is a Gamma distribution with parameters

0+ H,

j=t—v+1
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We obtained a sample of a certain size (m) drawn from this posterior distribution of
H,; given new cases and active hospitalized data from which the posterior mean and
95% Credible Interval (Crl) of H; were computed. Since the exact time of infection is
not observable and people only admit to the hospital if they feel some complications,
the time between the infection and hospitalization can not be precisely measured. For
our simulation, we considered a gamma-distributed duration between infection and

hospital admission, with a mean of 3 days and a standard deviation of 2 days.

5.2.5 Impact of Non-Pharmaceutical Interventions (NPIs)

To model different levels of control interventions, we applied corresponding percentage
reductions in average contact rates, e.g., a 70% control intervention would result in a
70% reduction in contact rates. As the Nepal Government implemented a significant
level of lockdown during the Delta wave, we considered the 70% control intervention
as the base case. During the Omicron wave, only primary and secondary schools were
closed for a short period (from 11 January to 29 January 2022) [92], which we did not
expect to have a significant impact, so we assumed a 0% control intervention for the

Omicron wave.

In our modeling, the overall impact of NPIs was represented by the reduction of con-
tact rate, which we considered to be 0%, 40%, and 70% for simulations with different
levels of control interventions. For the impact of NPIs in age groups (schools, colleges,
and working), we reduced the contact rate of the respective age group by 70% while
keeping the contact rates of other groups unchanged and calculated the corresponding
average contact rates. With these assumptions and based on the previous study [123],
we estimated the contact rates of 13.79 for the closure of schools and colleges, 14.65

for the closure of working places, and 5.79 for the lockdown.

5.3 Results

5.3.1 Reproduction Number

The reproduction number indicates the trend of disease spread throughout the pop-
ulation [54]. Specifically, if it is more than 1, the disease spread has an increasing

trend, and if it is less than 1, the spread has a decreasing trend [179].

In Fig. 23| (left column), we present our estimates of the effective reproduction number
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in Nepal and its provinces from 21 April to 31 December 2021 (the Delta wave). The
reproduction number was higher than the threshold value one at the beginning of
April 2021. Except for Gandaki province, the reproduction number in Nepal and all
of its provinces exceeded two and peaked in the middle of April 2021 (Nepal: 2.20,
95% Crl [2.166, 2.23], Province 1: 2.18, 95% Crl [2.04, 2.32], Madhesh: 2.61, 95%
Crl [2.12, 3.14], Bagmati: 2.28, 95% CrlI [2.23, 2.33], Gandaki: 1.84, 95% CrI [1.79,
1.89], Lumbini: 2.29, 95% CrI [2.28, 2.30], Karnali: 2.44, 95% CrI [1.68, 3.32], and
Sudur Paschim: 2.63, 95% Crl [2.38, 2.89]). These early R; values indicate that at
the beginning of the Delta wave, the infections were rapidly spreading across the
country in a short period of time. The reproduction rate in Nepal and its provinces
began to fall below the threshold value one after the middle of May 2021 (Nepal: May
17; Province 1, Bagmati, and Gandaki: May 16; Madhesh: May 25; Lumbini: May
14; Karnali: May 24; Sudur Paschim: May 14 2021). Madhesh, Karnali, and Sudur
Paschim provinces, where fewer cases were reported, showed greater fluctuations in

the temporal pattern of the effective reproduction number.

The first incidence of Omicron in Nepal was detected on 6 December 2021 [138]. After
the first week of January 2022, cases surged and spread rapidly. On January 23 2022,
80% of new cases were Omicron [I39]. So, we estimate the effective reproduction
number from 1 January to 31 April 2022 to characterize the period of the Omicron
surge (Fig. , right column). The reproduction number in Nepal and all provinces
were at the threshold level (R; = 1) in December 2021 during the Delta wave (Fig.
, left column). After that, it rose quickly, peaking around the middle of January
(Nepal: 2.17, 95% Crl [2.14, 2.21]; Province 1: 2.26, 95% CrI [2.15, 2.38]; Madhesh:
2.38, 95% Crl [2.21, 2.56]; Bagmati: 2.16, 95% Crl [2.13, 2.19]; Gandaki: 2.24, 95%
Crl [2.130, 2.34]); Lumbini: 2.43, 95% C1I [2.27, 2.60]; Karnali: 2.52, 95% CrI [2.12,
2.96]; and Sudur Paschim: 2.85, 95% Crl [2.47, 3.25]), before rapidly dropping below
the threshold value of one from the last week of January 2022 for the rest of the year.
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Figure 23: The time-dependent effective reproduction number of COVID-19 in Nepal and
its seven provinces during the Delta (Left column) and Omicron (Right column) waves.
The gray-shaded region is the 95% credible interval for R;. The horizontal red dashed line
indicates the threshold value R; = 1. The left column is the effective reproduction number
during the Delta wave, and the right column is for the Omicron wave.

We observed that the reproduction number remained greater than one for about a
month (1st to last week of January 2022) during the Omicron surge. In certain
provinces (Madhesh, Lumbini, Karnali, and Sudur Paschim), we noticed a wider range
of credible intervals for the estimated R; at the end of April 2022. This increased

variability may be due to the fact that there were fewer reported new cases, with
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more fluctuations. The results shown in Fig. [23|reveal that the reproduction numbers
related to the Omicron and Delta variants are not considerably different even though

quite different COVID-19 cases were reported in Nepal and all its provinces.

5.3.2 Risk of Infection

The timely estimation of the risk of infection is essential to track the dynamics of
the diseases and valuable to determine the need for amplification or the relaxation of
public health control measures. We used our model to compare the risk of infection
of COVID-19 during Delta and Omicron surges in Nepal and its provinces. The
estimated maximum risk of infection of Delta surge in Nepal and its provinces is
shown in Table [l The temporal pattern of the risk of infection during the Delta and

Omicron surges is shown in Fig.

The risk of infection during the Delta wave increased sharply from mid-April 2021
and peaked in the second week of May 2021 in Nepal (Fig. [24] left column). The
Bagmati province, which contains Nepal’s most densely populated capital city, had the
peak risk for infection two weeks sooner than the other provinces (first week of May
2021). Our estimates showed that Bagmati province was the highest risk zone (98.94,
95% Crl [32.99, 181.31] per hundred thousand), while Madhesh province remained
the lowest risk zone (12.16, 95% Crl [4.05, 22.29] per hundred thousand) (Table |5)).
Interestingly, despite being the most densely populated province (600 people/ka)
[40] and having a larger R; value, the Madhesh province had a lower risk of infection

compared to other regions.
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Table 5: The maximum risk of infection and time of highest risk of COVID-19 during
Delta and Omicron variant of Nepal and its seven provinces.

Risk of infection of Delta variant

Risk of infection

Regions (per 100000) 95% Crl Time of highest risk
Nepal 42.19 [14.06, 77.33] 11 May, 2021
Province 1 27.49 [9.16, 50.40] 23 May, 2021
Madhesh 12.16 [4.05, 22.29] 19 May, 2021
Bagmati 98.94 32.99, 181.31] 7 May, 2021
Gandaki 44.53 [ 14.84, 81.62] 26 May, 2021
Lumbini 42.89 [ 14.30, 78.63)] 8 May, 2021
Karnali 31.16 [10.39, 57.13] 14 May, 2021
Sudur Paschim 33.26 [11.08, 60.97] 17 May, 2021

Risk of infection of Omicron variant

Nepal 30.42 [ 17.61 46.43] 30 Jan, 2022
Province 1 16.30 [9.87, 24.03] 31 Jan, 2022
Madhesh 5.01 [2.63, 7.65] 1 Feb, 2022
Bagmati 89.62 [56.61, 132.05] 30 Jan, 2022
Gandaki 21.35 [13.48, 31.47] 1 Feb, 2022
Lumbini 8.46 [4.90, 12.47] 31 Jan, 2022
Karnali 3.00 [1.74, 4.43] 31 Jan, 2022
Sudur Paschim 8.03 [4.64, 11.83] 27 Jan, 2022
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Figure 24: Risk of infection (per thousand hundred) due to Delta and Omicron variants
of Nepal and its seven provinces. The first column is the risk of infection during the Delta
wave, and the second column is the risk of infection during the Omicron wave. The scaling
on the y-axis differs depending on the province and wave.

We also estimated the risk of COVID-19 during the Omicron wave (1 January to 31
March 2022). The temporal pattern of the risk of infection during the Omicron surge is
shown in Fig. (right column), and the estimated risk is shown in Table [5| Starting
from a minimal risk at the beginning of January 2022, the risk of infection reached
the highest level among provinces in a short period of time (3 weeks) around the
fourth week of January 2022. During this time, we observed a considerable disparity
in maximum risk of infection across Nepal and its provinces, ranging from 3.00, 95%
Crl [1.74, 4.43] per hundred thousand in Karnali to 89.62, 95% Crl [56.61, 132.05]
per hundred thousand in Bagmati. Furthermore, during the Delta surge, Madhesh
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province had a low (5.01, 95% CrI[2.63, 7.65] per hundred thousand) risk of infection
at the peak time of the Omicron surge. The higher uncertainty, i.e., a larger width
of credible intervals, for estimates may attribute to the fluctuation of the data set of
new cases. The fluctuation of daily new cases may be due to the poor recording of

daily testing and detected positive cases.

We found a considerable difference in the patterns of risk of infection between the
two waves of COVID-19 in Nepal. The risk of infection during the Delta wave was
abruptly increased, and with a complete lockdown, it took about one month to decline,
but in the Omicron wave, it climbed and fell quickly without lockdown. Furthermore,
during the Delta surge, the maximum risk of infection was slightly higher than the
Omicron surge in Nepal (38.69%) and Bagmati province (10%) but significantly higher
in Gandaki (96.44%), Lumbini (407%), Karnali (942%), and Sudur Paschim (314%)
than that of the Omicron surge. The Bagmati province was the most vulnerable to
both Delta and Omicron surges, while the rest of the provinces were more vulnerable

to the Delta surge than the Omicron surge.

5.3.3 Risk of Hospitalization

We calculated the risk of hospitalization using our model to the available data on
active hospitalizations with COVID-19 in Nepal and its provinces. The results shown
in Fig. (left column) illustrate the risk that COVID-19 patients are admitted to
hospitals in Nepal and its provinces during the Delta surge (1 May to 31 December
2021).
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Figure 25: Risk of hospitalization during Delta and Omicron wave in Nepal and its
provinces. The left column is the risk of hospitalization during the Delta wave, and the
right column is the risk of hospitalization during the Omicron wave. The scaling on the
y-axis differs depending on the province and the wave.

In Nepal, the risk of hospitalization of the Delta variant remains at 10% on average
(min 7%, max 20%) and Province 1 shows a risk of hospitalization of 11% (min 6%,
max 22%). Madhesh province had the lowest risk of hospitalization at 6% (min 5%,
max 14%). Although many actual hospitalization cases are in the Bagmati province,
the risk of hospitalization is 11% (min 10%, max 15%), similar to other regions. Be-
sides the Madhesh province, Gandaki province also has a lower risk of hospitalization
of 9.5% (min 5%, max 18%). The risk of hospitalization in both Lumbini and Karnali
provinces is high [Lumbini: 19% (min 7%, max 38%); Karnali: 14% (min 3%, max
42%)]. In Sudur Paschim, the risk of hospitalization was initially high (68%) but
later on around 21% (min 6%, max 43%). The initial higher risk of hospitalization in
Sudur Paschim could be due to the high volume of returnees migrant workers from

India.
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The Omicron surge had substantially lower hospitalization rates than the Delta surge.
The results in Fig. (right column) show that the risk of hospitalization was 2.5%
during the peak time of the Omicron wave in Nepal. At the end of March 2022,
the hospitalization rate was again raised in Nepal as well as in Bagmati province.
Sudur Paschim province had an extremely high risk of hospitalization during the
mid of January, which could be due to the inclusion of the institutional isolation
of returnee migrant workers in the data. Our estimates show that compared to the
Delta wave (Fig. , left column), the hospitalization risk in Nepal and its provinces
is significantly lower during the Omicron wave (Fig. right column), falling to even
less than 1% in some provinces (Nepal: 1.8%, 95% CrI [1.7%, 1.9%)], Province 1: 1.2%,
95% Crl [1%, 1.5%]|, Madhesh: 0.38%, 95% Crl [0.17%, 0.7%], Bagmati: 2%, 95%
Crl [1.9%, 2.1%], Gandaki: 1.3%, 95% Crl [0.97%, 1.75%], Lumbini: 1.3%, 95% Crl
[0.29% 4.29%)], Karnali: 0.6%, 95% CrI [0.022%, 3.18%], Sudur Paschim: 2.9%, 95%
CrI [0.92%, 7.15%]). At the end of March 2022, the risk of hospitalization increased

in Nepal and Bagmati province.

5.3.4 Impact of Non Pharmaceutical Interventions (NPIs) on
Reducing the Risk of COVID-19 Infection

NPIs are known to play an important role in the mitigation of COVID-19. In general,
restricting of mobility through NPIs, such as lockdown, reduces the contact rate,
thereby reducing the risk of infection. Here, we used our model to quantify the impact
of NPIs implemented by the Government of Nepal on reducing the risk of COVID-
19. In Fig[26] we present the maximum risk of infection during the Delta wave with
different control levels. In Bagmati province (the province with the highest risk), the
maximum risk would have increased by 216.32% if the lockdown was not implemented
during the Delta surge. Similarly, Madhesh province (a province with the lowest risk)

would have increased by 216.61% if the lockdown was not implemented.
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Figure 26: The maximum risk of infection under different control levels during the Delta
wave in Nepal and its provinces.

The results in Fig. show the trend of risk of infection during the Delta wave
under different control levels. Our model estimates that if the lockdown had not been
implemented during the Delta surge in Nepal, there would have been three times
more new infections (Fig. [27). We also observed a similar impact trend of control
strategies during the Omicron wave as in the Delta wave. For example, the risk of
infection is reduced by about two-thirds due to the reduction of contact rate by 70%
(Nepal: 30.42, 95% CrI [17.61, 46.43] to 9.6, 95% CrI [1.60, 17.61], Province 1: 16.30,
95% Crl [9.87, 24.03] to 5.15, 95% CrI [1.71, 9.44] per hundred thousand).
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Figure 27: Effect of control measures on a reduction of risk of infection during the Delta
wave.
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Wave, and the right column is for the Omicron Wave. The first row represents the impacts
of the closure of schools and colleges, the second row represents the effects of closing working
places, and the third row represents the effects of lockdown.
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We also estimated the risk of infection under the closure of school /colleges and working
places only during the Delta and Omicron waves (Fig. . We observed that closing
schools and colleges (i.e., restriction of mobility of school/college age groups) and
workplaces (i.e., restriction of mobility of the adult groups of age 25-59) can reduce
the risk of infection by 26.30% while a complete lockdown reduces the risk of infections
by 68.42% (during the Delta, none: 133.54, 95% Crl [77.33, 196.74], school/college
closed: 98.42, 95% Crl [49.22 147.59], working place closed: 98.42, 95% Crl [56.25,
154.61], lockdown: 42.17, 95% Crl [14.06, 77.33]; during the Omicron wave, none:
30.42, 95% CrlI [17.61, 46.43], schools/colleges closed: 22.41, 95% Crl [11.21, 33.62],
working places closed: 22.42, 95% Crl [12.81, 36.82], lockdown: 8.00, 95% CrI [1.60,
17.61] per hundred thousand).

5.4 Discussion

The timely assessment of the epidemic trend and its potential burden is essential
to minimize the epidemic disaster and manage the healthcare facilities. In order to
allocate resources and design health policies during the early stages of a pandemic, it
is necessary to estimate the risk of infection and risk of hospitalization. Generally, the
risk of hospitalization remains the same throughout the transmission period for the
same kind of strain. However, the pattern of hospitalization may vary depending on
the geographic region, cultural background, level of education, way of life, access to
medical services, and population group among which the disease is circulating [13 [87].
Even when more infections result in more patients being admitted to hospitals, the

risk of hospitalization may not be constant over time.

The effective reproduction number is widely used to track the transmission rate during
epidemics. However, due to variations in the size of the susceptible population, the
number of actively infected individuals, and the population’s pattern of contact, two
regions with the same effective reproduction number may have different levels of
vulnerability (risk) throughout the pandemic. To track the trend of an epidemic more
precisely by including the most vital factors of disease transmission, we developed
data-driven mathematical models which provide a timely estimation of the risk of
infection and the risk of hospitalization during a pandemic. Our mathematical model
of risk of infection considers the susceptible population, active infectious population,
and contact pattern of the people in addition to the effective reproduction number.

Similarly, our hospitalization risk model uniquely utilizes active hospitalized cases to
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describe the temporal pattern of hospitalization trends. We implemented our models
to the unique data sets of new COVID-19 cases and hospitalized cases in Nepal and its
provinces. Furthermore, our models also allow us to determine how the implemented

control strategies could effectively control disease.

The seven provinces of Nepal have a range of population contact patterns due to
their diverse geographic locations, distinctive lifestyles, cultural traditions, economic
conditions, and level of urbanization [134]. The recorded COVID-19 cases also var-
ied throughout provinces [122]. Despite huge discrepancies among provinces, the
reproduction numbers of COVID-19 of the Delta and Omicron waves across Nepal
and its provinces are not considerably different (Fig. , indicating that reproduc-
tion numbers alone may not fully capture the disease trend. A noticeable difference
in reproduction number between the Delta and Omicron surges regarding the non-
pharmaceutical interventions is that the total lockdown needed to be implemented
during the Delta wave, while for the Omicron variant, partial closure of schools and
colleges helped fall the reproduction number below the threshold value one. In some
provinces (Madhesh, Lumbini, Karnali, and Sudur Paschim), we noticed a wider range
of credible intervals for the estimated Rt at the end of March 2022. This increased
variability may be due to the fact that there were fewer reported new cases, with

more fluctuations.

The risk of infection varies widely among provinces in both the Delta and Omicron
waves despite the similar reproduction number. The ability of our model to capture
the discrepancies among the provinces highlights the risk of infection as a critical
indicator of the disease trend. Our results show a similar risk of infection in Nepal
and in Bagmati province during the Delta and Omicron surges. However, in the case
of other provinces, the risk of infection is less during the Omicron surge than during
the Delta surge. Less risk of the Omicron is in contrast to what has been observed
in other regions of the world, where the Omicron wave had a higher risk of infection
than the Delta wave [58 [86], 108, ?]. Note that 36% of Nepalese people were fully
vaccinated, and 49% were vaccinated with at least one dose by 4 January 2022 [150].
Because of the low severity of the Omicron variant [31], [185], and the high coverage of
vaccines, there were presumably fewer reported cases during the Omicron surge, which
could be attributed to the low risk of infection as estimated by our model. During the
Delta wave, infection risk rapidly increased and declined slowly. In contrast, during
the Omicron wave, it rose and fell quickly, which may be due to the burnout of the

susceptible population during previous waves or vaccinations, resulting in a faster
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climb and decline of cases compared to the Delta wave.

A substantial strength of our models also lies in their ability to describe the discrep-
ancies among provinces in the pattern of the risk of hospitalization. We observed
these discrepancies throughout Nepal and its provinces (for example, 6% in Madhesh
province and 21% in Sudur Paschim) during the Delta surge (Fig. . The disparities
in the risk of hospitalization reflect the unequal distribution of healthcare facilities
and the different living standards of the people in different provinces [39, 154]. For
example, Madhesh province shares the border with Province 1, which has relatively
better and larger hospitals. Therefore, many people from Madhesh province go to the
hospitals of Province 1, causing a higher hospitalization rate in Province 1 than in
Madhesh province. Bagmati province contains Kathmandu, the capital city, and other
major cities such as Lalitpur, Bhaktapur, Bharatpur, Hetauda, and Dhulikhel, com-
prising the major hospitals of Nepal. Among the reported hospitalized cases ~ 48%,
were in this province [122], which may have included the hospitalization of people

from other provinces as well.

Despite the fewer number of new cases and hospitalized cases, the rate of hospital-
ization in Karnali and Sudur Paschim was estimated to be high. Madhesh province,
on the other hand, has a low risk of hospitalization and low reported new cases. Our
model estimates a four times higher risk of hospitalization during the Delta surge
than the Omicron surge in Nepal and most provinces (Fig. , consistent with the
higher hospitalization during the Delta surge found in other studies [30} 41l [185]. The
unusual risk of hospitalization seen in the Sudur Paschim is likely due to the data
set. For example, on 1st January 2022, there were four new cases while seven persons
were in hospital. From 1st to 12th January 2022, only 330 new cases were reported,
but 395 active hospitalized cases were reported on 12th January, indicating more than
100% risk of hospitalization, as revealed in the model prediction. The higher active
hospitalized cases of Sudur Paschim, compared to the new cases, could be due to
the inclusion of the institutional isolation of returnee migrant workers in the data of

active hospitalized cases.

We also used our model to evaluate the effectiveness of control strategies in suppressing
infection rates. For the purpose of demonstration, we assumed different levels of
control interventions (0%, 40%, and 70% reduction in contact rates) and estimated
the corresponding risk of infection during the Delta surge (Fig. 26| & Fig. 27]). Our
results indicate that the risk of infection of COVID-19 would have been three times

more if there were no lockdown (i.e., a lack of 70% reduction in contact) during the
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Delta surge. We also found that school/college closures have a greater impact on the
reduction of risk of infection (Fig. , supporting the Nepal government’s strategy
of closing schools and colleges first during the peak of the Omicron surge [92]. Our
model supports that the effectiveness of the control strategy is linearly translated to
the risk of infection (Fig. [26). Other studies [65] 96, 97, [174] have also reported that
travel restrictions and non-pharmaceutical interventions have major impacts on the
control of COVID-19 surges.

We acknowledge several limitations of our study. Although the population has a varied
mixture pattern, we consider a homogeneous mixture in our model for estimating
the risk of hospitalization so that every infected person has an equal probability of
hospitalization. There are some uncertainties in the data used to compute the risk
of infection and hospitalization. Underestimation and temporal inaccuracy (time lag
between the time of infection/hospitalization and observation (record)) of the data
also are two major factors that reduce the quality of the data we used. The better
quality of data enhances the accuracy of the results of this study. Our model also
does not consider the temporal variation in under-reporting, which might otherwise be
interpreted as a variation in the risk of infection. Reported COVID-19 cases include

only those individuals who were tested and confirmed to be positive.

Several studies [3], 4 [142] [156] have found asymptomatic or undiagnosed COVID-19-
infected individuals who can significantly spread the virus. The detection of COVID-
19 cases in Nepal is low [3], implying that the actual risk of infection might be quan-
titatively different from our estimations. A Hidden Markov Model (HMM) could be
an extension of our model to account for the imperfect observation process of undiag-
nosed cases. Hospital admission is nonspecific because it does not necessarily specify
the reason and might cover a wide range of severity. Individuals infected with SARS-
COV-2 may be hospitalized, but not necessarily as a result of COVID-19. A study
[48] estimated that 17 billion (UT 10-24) individuals, or 22% (UI 15-28) of the world’s
population, have at least one underlying condition that increases their chance of de-
veloping severe COVID-19 if they become infected (range from 5% of those younger
than 20 years to > 66% of those who are 70 years or older). Also, a study [22] shows
that among the COVID-19 patients hospitalized in Sukraraj Tropical and Infectious
Disease Hospital of Nepal from January 2020 to January 2021, 64% had two or more
comorbidities. Identifying an accurate number of hospitalized cases due to COVID-19
is necessary to accurately estimate the risk of hospitalization. Due to the unavail-

ability of data regarding the number of new cases caused by the Delta and Omicron
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variants in mixed disease dynamics, we did not consider the mixed diseases model.

In summary, we developed data-driven mathematical models to estimate the risk of
infection and the risk of hospitalization during the pandemic. As demonstrated by the
applications of these models to a unique data set of Nepal and its provinces, the risk
of infection and hospitalization can capture critical features of epidemic trends. Our
model can also be used in other places and for outbreaks of other infectious diseases.
Real-time quantification of the risk of infection and hospitalization is essential to
develop ideal policy guidelines and appropriate control strategies for bringing society

out of the devastating pandemic.
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CHAPTER 6

SUMMARY AND CONCLUSION

The main objectives of this work are to construct the comprehensive mathematical
models for the analysis of COVID-19 transmission dynamics, explore spatial varia-
tions in COVID-19 transmission dynamics, particularly within the context of Nepal,
and evaluate potential control measures. Additionally, the study aims to validate the
developed mathematical models using multiple data sets, enabling the estimation of
critical parameters along withe diseases thresholds; basic reproduction number (Ry)
and the time-varying effective reproduction number (R;) to enhance our understand-
ing of the disease’s spread and inform effective public health interventions. This work
also aims to contribute novel tools, techniques and insights that advance our com-
prehension of COVID-19 risk and hospitalization. We summarized the overall work,

conclusions, and some research plans for future directions.

6.1 Summary

In Chapter |2, the study provides the foundation by providing essential background
information on epidemiology and mathematical modeling, introducing key theoretical
analysis techniques utilized throughout the dissertation. Chapter [3| focuses on the
development of a deterministic mathematical model that incorporates both imported
and locally generated COVID-19 cases in Nepal, considering various control policies.
This chapter also estimates crucial parameters, such as the basic and effective repro-
ductive numbers, using case data from different phases of the epidemic, evaluating
control strategies and predicting long-term dynamics. Chapter 4] extends the research
by employing data-driven modeling to examine COVID-19 transmission patterns in
high-risk and low-risk regions during the Delta surge, with a special focus on areas near

the Nepal-India border and densely populated cities. Model validation, parameter es-
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timation, and simulations are conducted using real-time data. Finally, in Chapter
[} novel techniques and insights that advance our comprehension of COVID-19 risk
and hospitalization are proposed. These techniques are used to predict infection and
hospitalization risks in real time, applying them to Nepal’s COVID-19 data to esti-
mate and assess the impact of the Delta and Omicron waves, as well as intervention
strategies, on provincial communities and healthcare systems. In our study, we use
MATLAB (The MathWorks, Inc.), R program for the numerical simulations.

6.2 Conclusion

Our work discussed in chapters|3|and [4] focuses on developing realistic epidemic math-
ematical models aimed at enhancing our understanding and predictive capabilities
regarding the dynamics of infectious diseases, particularly COVID-19. Our approach
diverges from simplification, as we prioritize the nuanced interplay of influential fac-
tors within real-world scenarios. Acknowledging the multifaceted nature of infectious
disease transmission, including variables such as demographic characteristics, human
behavior, non-pharmaceutical and pharmaceutical interventions, and healthcare in-
frastructure, our models incorporate these complexities. Consequently, our efforts
result in representations of disease dynamics that faithfully mirror the intricacies of
actual epidemiological situations. This, in turn, enhances the accuracy and utility
of our work for informing public health strategies. An essential aspect of our work
is also a parameter estimation, a critical process for optimizing our mathematical
models. To achieve this, we employ statistical tools and techniques, including the
nonlinear least squares method and Bayesian Inference. These methodologies enable
us to precisely determine the most appropriate values for model parameters by fit-
ting them with multiple datasets. This comprehensive approach refines our models
while simultaneously providing a robust assessment of parameter uncertainty. The
use of diverse datasets serves a dual purpose: it validates the reliability of our models
and ensures their applicability across a wide range of epidemiological scenarios. This
enhances the versatility and practicality of our findings, making them valuable for a

broader range of applications in epidemiology and public health.

Our work described in Chapter |5 has an innovative advancement to precisely pre-
dict the dynamics of diseases along with the classical concept of the reproduction
number. This extension provides a comprehensive understanding of disease dynamics

by estimating the risks of infection and hospitalization. By doing so, we enable a
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thorough assessment of the potential implications of disease spread within specific
populations. These advancements furnish public health decision-makers with precise
tools to adapt interventions, accounting not only for disease transmission dynamics
but also for the potential strain on healthcare systems. In essence, our work signifi-
cantly contributes to advancing epidemiological modeling, with practical applications

that enhance public health protection.

6.3 Suggestions for Future Directions

We suggest the following areas for further study of the dynamic of the epidemic to be

carried out for further study that may be appropriate to public health interventions:

e In modeling the first wave of COVID-19, we assumed a homogeneous mixing of
the population, whereas for the Delta wave, our model incorporates two classes
of susceptibilities. The susceptibility of the population network evolves over
time upon contact with infectious agents. Therefore, employing mathematical
modeling with multiple susceptibilities in dynamic networks enhances precision

in capturing the dynamics of the disease.

e Within the mathematical framework for estimating risk, we used the average
contact rate among the susceptible population. Varied contact rates within
diverse susceptible populations contribute to refining the accuracy of the out-
comes. To accommodate more impactful factors and their corresponding datasets,
robust computational tools and techniques are required. The integration of ma-
chine learning and Artificial Intelligence (Al) into epidemiological models al-
lows for leveraging extensive and dynamic datasets for real-time analysis and
decision-making. This integration enhances the flexibility of models to adapt
to changing scenarios, fostering a proactive approach in preparing for and re-

sponding to epidemics.
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While most of the countries around the globe are combating the pandemic of COVID-19, the level of its
impact is quite variable among different countries. In particular, the data from Nepal, a developing coun-
try having an open border provision with highly COVID-19 affected country India, has shown a biphasic
pattern of epidemic, a controlled phase (until July 21, 2020) followed by an outgrown phase (after July 21,
2020). To uncover the effective strategies implemented during the controlled phase, we develop a math-
ematical model that is able to describe the data from both phases of COVID-19 dynamics in Nepal. Using
our best parameter estimates with 95% confidence interval, we found that during the controlled phase
most of the recorded cases were imported from outside the country with a small number generated from
the local transmission, consistent with the data. Our model predicts that these successful strategies were
able to maintain the reproduction number at around 0.21 during the controlled phase, preventing
442,640 cases of COVID-19 and saving more than 1,200 lives in Nepal. However, during the outgrown
phase, when the strategies such as border screening and quarantine, lockdown, and detection and isola-
tion, were altered, the reproduction number raised to 1.8, resulting in exponentially growing cases of
COVID-19. We further used our model to predict the long-term dynamics of COVID-19 in Nepal and found
that without any interventions the current trend may result in about 18.76 million cases (10.70 million
detected and 8.06 million undetected) and 89 thousand deaths in Nepal by the end of 2021. Finally, using
our predictive model, we evaluated the effects of various control strategies on the long-term outcome of

this epidemics and identified ideal strategies to curb the epidemic in Nepal.
© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

human lives, the impact of the epidemic quite varies from coun-
try to country, thus the study focused on a specific country can

Since the first reported case in China in December 2019 as a
case of pneumonia of unknown cause, the novel corona virus dis-
ease (COVID-19) has spread rapidly all over the world, and on
March 11, 2020, the World Health Organization (WHO) declared
COVID-19 a pandemic (Time, 2020). As of September 16, 2020,
more than 29 million cases of COVID-19 and more than 900 thou-
sand deaths due to the disease have been reported worldwide
(WHO, 2020c). In its global devastating effects on all aspects of

* Corresponding author at: Department of Mathematics and Statistics, San Diego
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provide better understanding of the disease and its control
strategies.

In Nepal, the first case of COVID-19 was confirmed on January
23, 2020, which was also the first COVID-19 case in South Asia
(GoN, 2020). After this first case found to be an infected Nepali stu-
dent who had recently returned from Wuhan, China (Wiki, 2020),
no additional case was reported until March 23, 2020. On March
24, 2020, the Government of Nepal implemented a country-wide
lockdown including business closures and restrictions on move-
ment within the country and access to flights in and out of the
country (UN, 2020). In addition, the Government of Nepal aggres-
sively initiated a border screen policy to quarantine people

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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traveling to Nepal from abroad, to test them, and to isolate them if
the test is positive. Because of such timely and aggressively imple-
mented control strategies, the number of COVID-19 cases in Nepal
remained relatively low (only 4% of the total cases from local trans-
mission) until mid of July, 2020 (EDCD, 2020c), when these policies
ended. Since these policies were lifted, the new cases began to
grow dramatically, and as of September 16, 2020 the total of
58,327 cases (mostly from local transmission) have been reported
(EDCD, 2020a). We define the epidemic phase from March 22 to
July 21 as the controlled phase, during which the daily recorded
cases remained significantly low, and the epidemic phase from July
22 to September 16 (end of the study) as the outgrown phase, dur-
ing which the daily recorded COVID-19 cases exponentially
increased. A detailed study of the biphasic epidemic trend of
COVID-19 appeared in Nepal provides us with an opportunity to
identify and evaluate effects of control strategies in the context
of countries like Nepal, which is uniquely characterized by an open
border provision with India, one of the highest COVID-19 affected
countries.

Mathematical modeling using nonlinear systems has been an
important tool for describing the dynamics of infectious diseases
and evaluating the control strategies to curb epidemics (He
et al., 2020; Hiroshi et al, 2020; Keeling and Rohani, 2008;
Martcheva, 2015; Okuonghae and Omame, 2020; Vaidya and
Lindi, 2015; Yang et al., 2020; Zhang et al., 2012; Rahman
et al,, 2019; Van den Driessche and Watmough, 2020). Determin-
istic mathematical models, including the SEIR (Susceptible-Expo
sed-Infected-Recovered) model, have been widely used in quan-
titative studies of COVID-19 pandemics. While some models
were used to estimate the parameters, such as incubation period
and infectious period (Backer et al., 2020; Linton et al., 2020; Liu
et al., 2020b; Wan et al., 2020), others examined the effective-
ness of control strategies, such as lockdown, detection and isola-
tion, border screening, and medical resources (Hellewell et al.,
2020; Shayak et al.,, 2020; Sun et al., 2020; Xiao et al., 2020;
Chanda, 2020; Cheng et al, 2020; Faal et al., 2020; Ferretti
and Chris, 2020; Wang et al., 2020). The quarantine for the trav-
eler and suspected cases were also studied as the effective con-
trol measures for mitigating COVID-19 (Armitage and Nellums,
2020; Hossain et al., 2020; Liu et al., 2020a; Yuan et al., 2020).
Regarding COVID-19 in Nepal, previous studies (Bhandary,
2020; Bhuju et al,, 2020; Pun et al., 2020; White et al., 2020)
have provided some insights into doubling time of new infec-
tions, early transmission trend, and the timing of the daily inci-
dence burden in Nepal. However, none of the previous models
have considered the entry of cases through the Nepal-India open
border and border-related control strategies, which can be
important factors because the travel history of recorded infec-
tious people shows that more than 80% infectious cases came
from abroad, especially from India, during the early period of
epidemics (EDCD, 2020b; Rijal, 2020). Also, despite the Nepal
government's effort of applying strategies, such as border screen-
ing, quarantine and isolation, poor handling policy at the border
does exist, allowing many infected individuals to enter the com-
munity without quarantine (Shrestha, 2020).

In this study, we develop a deterministic mathematical model,
which incorporates the imported as well as locally generated cases
along with various policies implemented for the control of COVID-
19 in Nepal. Using case data from both the controlled and out-
grown phases of epidemics in Nepal, we estimated key parameters
as well as the basic and effective reproductive numbers. Using our
model, we evaluated the control strategies implemented in Nepal.
Furthermore, we applied our model to predict the long-term
dynamics of COVID-19 in Nepal, and provided the simulations to
demonstrate how these control strategies can curb the epidemics
in Nepal.
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2. Method
2.1. Data source

The data used in this study was obtained from the Ministry of
Health and Population, Epidemiology and disease control division
(EDCD) of Nepal (EDCD, 2020a). Since March 22, 2020 is the last
day of any single COVID-19 case in the country, we considered
the data of COVID-19 from March 22. The government of Nepal
started the countrywide lockdown and border screening from
March 24 to July 21. Since the country returned into an almost
no-policy state after the long route buses and national flights were
fully opened on September 17, 2020 (WHO, 2020e), we considered
the data until September 16, 2020. The data including quarantine,
new cases, cumulative cases, and RT-PCR tests, were used in our
model fitting and simulation. We note that during the initial phase
of epidemic, most of the PCR tests performed were for the quaran-
tined people and only a few for the community and front line
workers (armed forces, hospital workers, civil workers, etc.). There-
fore, we considered 80% of the PCR-tests performed were for the
people who were quarantined.

2.2. Modeling basic transmission dynamics

We consider the transmission dynamics model based on the
SEIR framework. We divide the whole population into five distinct
compartments: S (susceptible), E (exposed), Iz (recorded infec-
tious), Iy (non-recorded infectious), and R (recovered). In our
model, susceptible individuals contract the virus when they come
in contact with the non-recorded infectious individuals at the rate
B. These exposed individuals become infectious at per capita rate &
with the proportion 0 being recorded and 1 — 0 remaining non-
recorded. Individuals from both I and Iy classes get recovered with
the rate 5 or die with the rate k. 4 and A represent the per capita
rate of natural mortality and the natural recruitment rate into the
susceptible class. We represent the entry of individuals from
abroad, mainly across the Nepal-India border, by the time-
dependent rate /(t), among which the proportion p are infected
and the remaining (1 — p) are susceptible.

2.3. Modeling control strategies implemented in Nepal

The main control strategies implemented by the government of
Nepal are: (i) Border screening and quarantine, (ii) Lockdown, and
(iii) Detection and isolation.

Border screening and quarantine. To model the border screen-
ing and quarantine strategy, we introduce a quarantined class, Q, to
which ¢/(t) of individuals from abroad enter, where ¢ represents
the rate of border screening. For these quarantined individuals
PCR test is performed with rate t and the tested individuals with
positive result enter into the Iz class and are isolated. As the
expected rate of positive test in people entering into the country
is p, we assume that p represents the portion of the tested popu-
lation getting positive result, while the remaining (1 — p) portion
of the tested population show negative result and enter the suscep-
tible class, S. Due to the limitation of PCR test, there were cases of
individuals, including some without onset of the symptoms, being
released from the quarantine center without performing PCR test.
We assume that individuals leave the quarantined class without
PCR test at the rate of 7. Among them, the portion p enters non-
recorded infectious class and the remaining (1 — p) enters the sus-
ceptible class.

Lockdown. Lockdown strategy reduces the contact among indi-
viduals, and we assume the reduction of contact by ¢ resulting in
the transmission rate f — (1 — ¢)B. Since the strategy was altered
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in two different phases, the controlled and the outgrown, we con-
sider two different reduction rates of contact as follows.

{ém tg t(.‘v
éa’

t>t,
where t. represents the time when the epidemic phase changes cor-
responding to alteration of policies (July 21, 2020). As a result, the
net infection rate becomes g, = (1 — &) and g, = (1 — ¢&,)p before
and after t = t, respectively.

Detection and isolation. As mentioned above, recorded
infected individuals, Iz, in our model are isolated. Therefore, the
detection and isolation strategy can be incorporated into our
model by altering the rate 0. We introduce a parameter s to repre-
sent the effect of the detection so that the rate of individuals in
exposed class, who are detected and recorded, changes as
0 — 0. Since the strategy of testing for individuals in the general
community was altered after the lockdown was lifted, we take
two different detection rates for the controlled and outgrown
phases as follows.

vo={i

As a result, the net detection and isolation rate becomes
0. = .0 and 6, = .0 before and after t = t., respectively.

Combining all the control strategies implemented in Nepal into
the basic transmission dynamics model, we obtain the model as
shown in Fig. 1. The model is described by the following system
of ordinary differential equations.

<) =

t<t,
t>t..
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Here, the total
N=Q+S+E+Ix+Iy+R.

population is given by

2.4. Estimation of population size and model parameters

Even though the first case of COVID-19 in Nepal was confirmed
on January 23, 2020, no additional cases were reported until March
23, 2020. Therefore, we consider March 22, 2020 as the initial time
t =0 for our dynamical system model. The total population of
Nepal in the census year 2011 was 26,494,504, which was pro-
jected to reach 29,704,501 by the end of 2019 (CBS, 2011). There
are about 3 to 4 million Nepalese working in India (Kunwar,
2015; TKP, 2020b) and about 1.5 million Nepalese working in the
Gulf countries and Malaysia (MoL, 2020; IOM, 2019), making
approximately the total of 5 million Nepalese as seasonal migrants.
Therefore, deducting 5 million people as migrants from the total
population of 29,704,501, we get N(0) = 25,000,000. Also, 63 people
came from abroad were sent to Kharipati quarantine (a quarantine
centre) on March 21 (TRN, 2020). Therefore, we take Q(0) = 63.
The first case identified on January 23, 2020 had been recovered
(GoN, 2020) by the beginning of our dynamics, and hence we take
R(0) = 1. Since the initial time of our dynamic model is the begin-
ning of the epidemic, we assume E(0) = 1, Iz(0) = 0, and Iy(0) = 1.

Since the infected individuals remain in the exposed class for
about 5.2 days until they become infectious (Stephen et al.,
2020; Backer et al, 2020; WHO, 2020a), we take
6=1/5.2=0.1923 per day. Also, the infectious individuals get

C(li—(tl: At)p —tQ — uQ —yQ, (1) recovered in about 17 days (Time, 2020), implying the average
ds B(O)SIy recovery rate 1 = 1/17 = 0.0588 per day. We estimate the rate of
- MDA =)A= p)+T(1=p)Q+7(1 - p)Q——5— K5 (2) death due to COVID-19 using the data taken from the official web-
dE B(H)SIy . site of the Nepal government (GoN, 2020). Specifically, we take the
a- N 0+ WE, 3) average death rate from March 22 to September 16, 2020, and
dlp obtain the death rate k = 0.000281 per day. We take y and A in
dt O0(OE + pTQ = (1 + p+ Kk, (4) such a way that the natural birth rate and death rate remain equal
dly . for the period of this pandemic. In addition, we use the quarantine
——=At)p(1 - 1 o(1—0(t))E — 19)f 5 ’
dt HOP( = @)+ 7pQ+ ol () = (14 p+ Ky, ®) and PCR data along with the model to estimate parameters t and 7,
dr = yly + nlg — UR. (6) which are related to people leaving quarantine center. We estimate
dt the remaining parameters ¢, f., f8,, ¢, 0, and p by using the least
square fitting of the model to the daily recorded new case data.
n
Mo
n T IR
pT
7 > I
o) 7(1-p) p * R
" T Q¢ "
HO(1-9) (1-p) o 2
—_— Q
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K

Fig. 1. Schematic diagram of the model. The arrow along with parameters shows the rate of flow from one compartment to another. The basic transmission dynamics of COVID-
19 is shown in black color while the implemented control policies are indicated by red color.
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2.5. Data fitting

We implemented the previous method (Rahman et al., 2019) to
perform the data fitting and to identify a reasonable confidence
interval of the estimated parameters. In brief, the method involves
thorough process of consecutive reduction of number of parame-
ters until the reasonable confidence intervals are identified. The
process allowed us to identify the parameters ¢, ., f,, 0c, 0,, and
p that can be reasonably estimated from the available data. Further
reduction of the number of parameters from the current six param-
eters provided a poor fit (F-test, p-value < 0.05).

For the model fitting the data available is the daily new cases of
recorded infectious people. Using our model, the recorded new
infections generated at time t,L(t), can be computed using the fol-
lowing equation:

L(t) = ©pQ(t) + S0E(t) (7)

We solve the system of differential equations numerically using
a fourth order Runge-Kutta method. We use the solutions to obtain
the best-fit parameters via a nonlinear least squares regression
method that minimizes the following sum of the squared
residuals:

n
J(, Bes B Oc, 00, p) = S [L(E) — L(6)] (8)
i1
where ¢, 8., B,,0c,0,, and p are parameters to be estimated, and
L(t,) and L(ty) are the new cases of recorded infectious people pre-
dicted by the model and those given in the available data, respec-
tively. Here, n represents the total number of data points used for
the model fitting. To obtain the confidence limits for the estimated
parameters, we compute the standard errors from the sensitivity
matrix (S) by using the complex-step derivative techniques
described previously (Banks et al., 2014; Banks and Joyner, 2018;
Rahman et al., 2019).

Furthermore, we use the sensitivity-based method (Miao et al.,
2011) to analyze the identifiability of these parameters. In particu-
lar, we found the matrix S'S to be of the full rank (rank = 6), which
confirms the identifiability of the estimated parameters (Miao
et al., 2011). In our study, all computations were carried out in
MATLAB 2020a (The MathWorks, Inc.) using its various routines,
including “ode45” (ODE solver) and “fmincon” (minimizer).

3. Results
3.1. Estimation of border screen

Given the open border of Nepal with India, one of the most
COVID-19 infected countries, and related border screen and quar-
antine policies implemented by the Nepal government, the rate
of border screening and quarantine is important for accurate eval-
uation of the policy. However, the official data of this information
is not available. We use our model to estimate the rate of border
screen and quarantine, ¢A(t), from the data of the active quarantine
population, Q(t;), and the number of PCR-tests performed, PCR(t;).

Using the fact that the natural death is negligible during the
short period of epidemic (i.e., i ~ 0), we apply the model Eq. (1)
at the data collected time t; to obtain the following approximation:

d
PAty) = d—? . +7Q(6) +7Q(t)

~ Q(t;) — Q(ti1) + TQ(t) + yQ(ty),

where t; — t;_; = 1 day, as the data was recorded every day. In this
expression, TQ(t;) is given by PCR(t;), and yQ(t;) represents those
leaving quarantine center without PCR test (no_PCR(t;)), implying
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dA(t:) ~ Q(t;) — Q(ti_1) + PCR(t;) + no_PCR(t;).

Since ¢A(t;) > 0, we obtain the minimum estimate of no_PCR(t;)
as

no_PCRI(,) ~ { Q(t) = Q(ti1) + PCR(E), if PCR(6) > Qti1) - Q (),
0, otherwise.

Using data of active quarantine, Q(t;), PCR tests, PCR(t;), and the
estimated population leaving quarantine center without PCR,
no_PCR(t;), we then estimated the daily number of people border
screened and entered into the quarantine, ¢/(t;), until July 21,
2020 (the controlled phase). Our estimates show that the rate of
border screen and quarantine was relatively low (less than 2 thou-
sand per day) until the mid of May, 2020, and then the rate
increased rapidly reaching a peak of about 16 thousand per day
around mid-June. After the peak, the rate began to fall and reached
a low level by the end of the first phase of epidemic (Fig. 2). Data
shows that, after July 21 (the outgrown phase), the active quaran-
tined population continues to decrease indicating less impact of
these individuals on the epidemic during the outgrown phase.
Therefore, for simplicity, we assume that ¢4(t;) decreases linearly
after July 21 (Fig. 2).

Furthermore, we use our model to estimate the per capita rate
of individuals leaving quarantine center with (t) and without (y)
PCR test. We can approximate these rates as follows:

n n
T % > PCR(t) and 7=~ % > " no_PCR(t;).
i=1 i=1
Our calculation shows that the individuals leave the quarantine
center at the rate T = 0.06 per day with PCR test and at the rate
y = 0.00975 per day without PCR test.

3.2. Epidemic pattern and model validation

We fitted our model to daily recorded new cases data of Nepal
from both the controlled (March 22 to July 21) and the outgrown
(July 21 to Sept 16) phases, and estimated six parameters
¢, Be, Bo, Oc, 0, and p. The values of the best estimates, along with
their 95% confidence intervals, are provided in Table 1. As shown
in Fig. 3a the model has an excellent agreement with the data of
recorded new cases from both phases of the epidemic. In addition,
we used our model to estimate the cumulative cases of COVID-19
during the entire period of study and compared our estimates with
the data (Fig. 3b). Our model is capable of accurately predicting the

25000 T T T T T T
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Number of qurantined individuals via border screening
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Time

Fig. 2. Estimation of border screen and quarantine. Estimated number of daily
quarantined individuals using the border screening and quarantine policy.
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Table 1
Values of estimated and fixed parameters.
Parameters Value 95% ClI Reference
Be 0.052 [0.0085 Data fitting
0.0955]

Bo 0.248 [0.20 Data fitting
0.29]

0c 0.75 [0.64 Data fitting
0.85]

0o 0.57 [0.49 Data fitting
0.65]

¢ 0.75 [0.64 Data fitting
0.85]

P 0.052 [0.04 Data fitting
0.063]

k 0.000281 Fixed Calculated

Y 0.00975 Fixed Calculated

T 0.06 Fixed Calculated

n 0.0588 Fixed (Li et al., 2020)

3 0.1923 Fixed Stephen et al. (2020), Backer et al.

(2020), WHO, (2020a)

cumulative cases of COVID-19 in Nepal for both epidemic phases,
thereby validating our modeling approach.

In consistence with the data, the epidemic trend of the COVID-
19 in Nepal predicted by our model shows that the recorded
COVID-19 cases increased slowly until the mid of May, attained
the peak of the controlled phase during the mid-June, and then
decreased until the end of the first phase (the controlled phase),
when the policies were altered. After the controlled phase, the
cases again started to rise with a higher rate until the end of the
study, giving the outgrown phase following the controlled phase.
It’s worth noting that the first peak observed during the controlled
phase is around the same time when the maximum number of
returned migrants were border-screened and quarantined (Fig. 2).

3.3. Importation vs local transmission of COVID-19 cases in Nepal

For countries like Nepal that shares open-border with another
country (India) having one of the highest levels of COVID-19 cases,
it is critical to identify the impact of importation through the bor-
der and the local transmission on the disease spread. We used our
model to estimate the imported cases and the cases from local
transmission, both recorded and non-recorded (Fig. 4). Our estima-
tion shows that during the controlled phase of the epidemic, most
of the COVID-19 cases in Nepal were imported, indicating the local
transmission was well controlled. During this phase, the imported

1600 T T T v T T

data
w— model curve

= 1400

1200

1000

Number of Recorded Cases (Per-day
P D @
o [=] o
o o o

N
=]
S

o

(a)

Cumulative Number of Recorded Cases (Per-day)

Journal of Theoretical Biology 521 (2021) 110680

3000 - r - r - .
= Total COVID-19 cases
—-—=Local cases
= =Imported cases
2500 |
=
©
?
L 2000 f
‘(;,’ Control phase Outgrown phase
3
3
o 1500 1
o)
3
O 1000 .
S
5]
'_
500 | 1
o ‘ ) ~ ~
Apr May Jun Jul Aug Sep
Time 2020

Fig. 4. Contribution of Importation vs local transmission in COVID-19 cases. Model
estimation of the daily number of COVID-19 cases (solid line) along with the
contributions from the importation through border (dashed line) and local
transmission (dot-dashed line).

cases gradually increased while the local transmission remained
significantly lower than the imported cases. The imported cases
reached the maximum number (about 460) around July 01, consis-
tent with the highest border screen (Fig. 2), and then gradually
decreased for the entire period of our study.

While the local transmission was quite controlled during the
controlled phase (only 6,577 cases), during the outgrown phase
the local cases dramatically increased outcompeting the imported
cases at the end of July. The outgrown phase (July 22-September
16, 2020) resulted in 67,073 total cases (recorded and non-
recorded), out of which 60,123 (~ 90%) are from local transmis-
sion, by the end of our study (September 16, 2020). Note that the
timing of the dominance of the local transmission over importation
is consistent with the alteration of policies by the government of
Nepal, especially the lifting of the lockdown.

3.4. Effectiveness of control strategies

From the epidemic trend it can be clearly seen that the major
policies implemented by the government of Nepal, namely border
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Fig. 3. Data fitting and model validation. (a) Recorded daily new cases of COVID-19 data (circle) along with the best fit of the model prediction (line). (b) Cumulative cases over

entire study period estimated using the model (line) along with the data (circle).
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screening and quarantine, lockdown, and detection and isolation,
were significantly effective because the disease spread was well-
controlled while the policies were in place and became out of con-
trol once the policies were lifted. We can use our model parame-
ters ¢,¢, and y to quantify the effectiveness of these policies,
border screen and quarantine, lockdown, and detection and isola-
tion, respectively, on controlling COVID-19 epidemic in Nepal dur-
ing the controlled phase. Our model shows that the epidemic
dynamics would have been quite worse (19,090 new cases per
day during the peak) if these policies were not implemented
(Fig. 5a). Through these policies, 442,640 cases were prevented
and 1,216 lives were saved during the period of controlled phase
(real scenario from the official data: 17,994 cumulative cases and
40 deaths).

We also estimated the effectiveness of each of the policies indi-
vidually (Fig. 5b). Removing each policy (border screen and quar-
antine, lockdown, and detection and isolation) at a time, our
model predicts the peak infectious case of 1339, 4199, 884, respec-
tively. As per our model estimation, in the absence of border screen
and quarantine, lockdown, and detection and isolation, one at a
time, the total cumulative cases would have reached 42050,
162400, 38920, respectively, taking the Nepalese lives of 162,
497, 138, respectively. Among these three policies lockdown was
found to be the most significant, followed by the border screening
and quarantine, and then by the detection and isolation. These
results show that the detection and isolation does not seem to have
significant impact on the reduction of infections and deaths on the
early phase, compared to other two strategies, presumably because
of the less local transmission due to the strict lockdown. However,
the detection and isolation may have important role and signifi-
cant impact during the outgrown phase when the local transmis-
sion becomes the leading cause of infection.

3.5. Long-term prediction and potential control in Nepal

In this section, we present our model prediction of epidemic
outcome, especially the new cases, cumulative cases, and the total
deaths, in Nepal by the end of the year 2021. If the current trend
continues without any interventions, our model predicts that the
peak value of daily new cases will reach 144,600 (82,420 recorded
and 62,180 non-recorded) on March 4, 2021 (Fig. 6a). With this
epidemic trend, Nepal will suffer from the cumulative cases of
18.76 million (10.70 million recorded and 8.06 million non-
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recorded) and the total COVID-19-related deaths of 87 thousand
by the end of 2021 (Fig. 6b).

At the current situation of the limited pharmaceutical preven-
tion, applying public health measures, including the ones the gov-
ernment of Nepal implemented during the controlled phase, are
the most promising control mearues (MoHP, 2020; WHO, 2020b).
We now assess the impact of these control measures on curbing
COVID-19 epidemics from September 2020 to December 2021.
Since the current trend (the outgrown phase) shows that the
imported COVID-19 cases are not important compared to the local
transmission, we particularly focus on two control strategies, the
lockdown and the detection and isolation. Note that the current
value of infection rates is f = 8, and the detection rate is 0 = 0,
(Table 1). In our model, the level of lockdown and detection and
isolation can be incorporated using the parameters ¢ and i,
respectively.

Our model predicts that both the lockdown (reduction on ) and
the detection and isolation (increment in 6) are significantly
impactful on curbing COVID-19 epidemic burden in Nepal
(Fig. 7). For example, 50% reduction of contact through lockdown
(i.e., £ =0.5) can reduce the cumulative number from the base-
case of 18.7 million to 426 thousand and the total deaths from
87 thousand to 20 thousand. Similarly, 1.4 times increment in
the detection and isolation rate (i.e., ¥ = 1.4) can bring the cumu-
lative cases down to 494 thousand and the total death down to 13
thousand.

3.6. Reproduction number

The basic reproduction number, Ry, is an average number of sec-
ondary infections generated by a single infectious individual in a
completely susceptible population. For infectious diseases, it is
an important threshold, which helps determine whether outbreak
occurs (Ry > 1) or is avoided (Ry < 1) (Martcheva, 2015). We used
the Next Generation Matrix method (Diekmann et al., 1990; Van
den Driessche and Watmough, 2020) to derive the expression of
Ro for our model (see Appendix) and obtained

R — Be5(1 — 0.)S"
T O+ W t+k+ @ +S)
where
A A0 (T+y+pl—¢))
Iz MT+y+ )

4500

= =Without lockdown

—e— Without isolation and detection ’
—==Without quarantine 7
= With all control measures ’

~ 3500 ,
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Total COVID-19 cases (per-day
8
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~
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(b)

Fig. 5. Effect of control strategies. Daily new covid-19 cases (a) with (solid line) and without (dashed line) all control strategies in combination, and (b) with (solid line) and
without one policy at a time, border screening and quarantine (dot-dashed line), lockdown (dashed line) and detection and isolation (star-line).
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Fig. 6. Long-term dynamics of COVID-19 in Nepal. Long-term dynamics of (a) daily new cases and (b) daily deaths due to COVID-19, predicted by our model. Here, the current

(Oct 2020) peak of the new cases and daily deaths are 1,127 and 4, respectively..

As expected, we are able to theoretically establish Ry as the out-
break threshold for our model, as stated in the following theorem:

Theorem 1. Disease free equilibrium point of the system of Eqs. (1)-
(6) is asymptotically stable if Ry < 1 and unstable if Ry > 1.

The proof of the theorem is given in Appendix. Using the esti-
mated parameters, we found the value of Ry =0.21 for Nepal.
Ry < 1 implies that the outbreak was avoided at the time the
locally infected case was introduced in March 2020. The successful
control is consistent with the fact that the local transmission dur-
ing early epidemic period was negligible with the majority of infec-
tions coming from abroad. Furthermore, we found that if the
government of Nepal had not timely implemented policies (i.e., if
we replace g, by B, and 0. by 0,), the basic reproduction number
would have been R, = 1.8. Using our model, we also performed
analysis to identify the level of lockdown (¢) and the level of detec-
tion and isolation (y/) required to assure the value of R, less than
unity so that the epidemic is avoided. The resulting combinations
of these two policies, which can avoid the epidemic, are shown
in Fig. 8a. For example, a policy with combination of 22% reduction

14
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: 4000
e 2000
4
0.4 0.5
©

Level of detection and isolation ()
Total cumulative number of cases of COVID-19 (thousand)

Level of detection and isolation (v)
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a & o S o w IS
L
pry ) ) » ) @ ~ ®
=] S 8 S 3 3 S 3
Total cumulative number of deaths of COVID-19 (thousand)

0 0.1 0.2 03
Level of lockdown

(a)

in contact due to lockdown (¢ = 0.22) and 1.2 times increase in
detection and isolation (i = 1.2) can make R, less than unity,
thereby avoiding epidemic to occur.

While the basic reproduction number provides the important
information about the beginning of the epidemic, the average
number of the secondary infections varies over time, mainly due
to alteration of implementation of policies over the epidemic per-
iod. To describe the time varying average number of secondary
cases more accurately, we considered the effective reproduction
number, R;. The value of R; allows us to track whether the epidemic
at time ¢ is in increasing (R, > 1) or decreasing (R; < 1) trend. For
our model, the effective reproduction number is given by

_ BB - 0e)S(t)
T+ WM+ k+ N

Using the estimated parameters, we observed that the value of
effective reproduction number R(t) remains about 0.21 until July
21 (Fig. 8b), indicating that the local transmission is under control
during the controlled phase. However, around July-21 (the date of
end of policies), the effective reproduction number rapidly

Level of lockdown (£)

(b)

Fig. 7. Long-term impact of control policies. Model prediction of (a) the cumulated cases and (b) the cumulative deaths due to COVID-19 by December 2021, under the different

levels of lockdown and detection and isolation.
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Fig. 8. Reproduction numbers. (a) Parameter space showing the level of lockdown (¢) and the level of detection and isolation () that make R, less than or greater than 1. (b)

Effective reproduction number of COVID-19 (R; = 1) in Nepal until December 2021.

increased and reached 1.80 indicating the rapid local transmission
during the outgrown phase. The long-term prediction of our model
shows that the value of R, remains greater than unity until March
2021 (increasing trend). After March 2021, the epidemic will
observe the decreasing trend (i.e, R, < 1).

4. Discussion

In this study, we focused on modeling COVID-19 epidemic in
Nepal, which shares an open border with India, one of the most
affected countries in the world. Since a large number of Nepalese,
especially male labor migrants, work in India, the mobility across
the Nepal-India open border has directly affected COVID-19 cases
in Nepal, causing considerable number of imported cases through
the migrant workers coming from India (EDCD, 2020c). Despite a
large number of inflow of COVID-19 cases from India, the timely
implementation of the Nepal Government’s policies, namely (i)
border screen and quarantine, (ii) lockdown, and (iii) detection
and isolation, was successful in controlling the epidemic for about
four months until these policies were lifted on July 21, 2020. After
the policies were lifted, the cases surged uncontrollably, resulting
in a biphasic trend of COVID-19 in Nepal, the controlled phase (un-
til July 21, 2020) and the outgrown phase (after July 21, 2020). In
order to evaluate these successful control policies, here we took
advantage of modeling and data of unique epidemic in Nepal with
biphasic trend resulting from the combination of case-inflow
through the Nepal-India border and control policy implementa-
tion. Our novel model, which is capable of excellently describing
the COVID-19 data from Nepal, has provided number of important
insights into transmission dynamics and related effective control
policies.

Using our model and the available data from the ministry of
health and population, we estimated the key parameters related
to COVID-19 transmission and control in Nepal. Based on our
model, we identified quite distinct transmission rate (f) and dis-
tinct rate of detection and isolation (0) between two phases of epi-
demics, showing that the policies implemented were indeed
significantly effective. The timely implementation of policies was
able to maintain the low level of effective reproduction number
(= 0.21) while the polices were in place, and upon lifting the poli-
cies the effective reproduction number rapidly rose to 1.80. As per
our model evaluation, with these policies the government of Nepal
was able to prevent more than 444 thousand cases and save more

than 1,200 lives. Among these three policies, “lockdown” was
found to be the most effective, followed by “border screen and
quarantine” and then by “detection and isolation”.

Consistent with the data based on the travel history of recorded
infectious people (more than 80% came from aboard, especially
from India) (EDCD, 2020b; Rijal, 2020), our result also shows that
about 70% of COVID-19 cases in Nepal were imported during the
controlled phase. Despite inflow of significant number of COVID-
19 cases from India, the local transmission remains well controlled
during the controlled phase of epidemic, implying that the “border
screening and quarantine” policy in combination with other poli-
cies implemented by the government of Nepal was key to avoid
a potential early surge of cases from local transmission. Our model
predicts a high rate of local transmission, consistent with the data,
during the outgrown phase (i.e., after the policies were lifted on
July 21, 2020). As a result, the contribution of the local transmis-
sion to epidemics became significantly high outcompeting the
importation after July 21, 2020. We note that along the line of
our results, various reports and updates on the situation of Nepal
(Pun et al., 2020; NIE, 2020; EDCD, 2020b; TKP, 2020a; WHO,
2020d; WHO, 2020e; WHO, 2020g) also claim that there were
small number of local transmissions before July 21, 2020 and the
mass community transmission has become noticeable only after
lifting the policies on July 21, 2020.

Based on the current epidemic trend identified by our model,
we predict that without any interventions about 18 million Nepa-
lese (~ 70% of the total population) will be infected with COVID-19
by the end of 2021. The model predicts that the current increasing
trend of daily new cases will continue to increase reaching the
peak level of about 144 thousand new cases per day on March
04, 2021. However, we also acknowledge that there is a possibility
for the peak time to occur earlier, as projected by some studies
(White et al., 2020), if the government reduces the testing of
asymptomatic cases (i.e., reduces the detection and isolation in
our model) as mentioned in (OLK, 2020). Because Nepal is in the
high risk zone of COVID-19 due to its poor health system and por-
ous borders with India, potential epidemic outcomes predicted by
our model strongly recommend the urgent implementation of con-
trol strategies.

Since the pharmaceutical control of COVID-19 is not widely
available, most of the countries have been implementing the
non-pharmaceutical approaches, including the ones implemented
by the government of Nepal, for mitigating COVID-19 transmis-
sions. As identified by our model in the context of Nepal, many
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countries, such as China, Taiwan, and South Korea, which have
been successful to control the epidemics, also applied the strict
lockdown, meticulous testing and tracking, and massive isolation
of people, precise and widespread contact tracing and testing
(Azman and Luquero, 2020; Choi, 2020; Trevisan et al., 2020;
Cheng et al, 2020) as effective means of epidemic control.
Therefore, we also evaluated the local transmission related con-
trol strategies “Lockdown” and "Detection and isolation” in the
context of Nepal, and identified the level of these policies
required for successful mitigation of potential COVID-19 surge
in Nepal. For example, our result shows that the lockdown level
that can reduce the contact rate by 50% will decrease the peak of
new cases of COVID-19 below 2,600, significantly less than the
predicted base-case of 144 thousand. In this level of lockdown,
the cumulative cases will also reduce from 18 million to less
than 200 thousand. Similarly, the total COVID-19 cases can be
reduced to 494 thousand if the detection and isolation policy
is increased by 1.4 times the base case. Importantly, our model
has identified that for a significantly large level of the detection
and isolation (for example, greater than 1.6 time the base case),
the disease spread can be avoided without needing a high level
of lockdown.

We acknowledge several limitations of our study. We used the
limited data sets available publicly from the ministry of health and
population of Nepal. Because of poor policy at the border, the data
related to border screen need to be carefully considered. The
detailed data with accurate border screening and quarantine will
improve the predictions of our model. While the testing program
for border screened population was better documented, the testing
for local community is less understood, which may have slightly
impacted on our estimates of detection and isolation rate. How-
ever, we conducted sensitivity of this parameter over the wider
range. We have ignored the spatial heterogeneity on the dynamics
and policy implementation, especially among seven provinces of
Nepal. Not all provinces equally share border with India and also
cases distribution is not uniform. For example, Gandaki province
has sporadic transmission (WHO, 2020f) while other six provinces
(Province 1, Province 2, Bagmati, Lumbini, Karnali and Sudur-
paschim) show clusters of cases. Therefore, future studies on
province-wise analysis of COVID-19 transmission along with
inter-province mobility will help for better implementation of
effective control strategies.

In summary, we developed a novel mathematical model to
uncover effective control strategies that were implemented in
unique biphasic epidemic trend in Nepal, under the influence of
human mobility across the open-border with India, one of the
most COVID-19 affected countries in the world. Quantification of
these successful control strategies through distinct two phases of
epidemic in Nepal (the controlled phase and the outgrown phase)
has provided us with opportunity to evaluate the impact of these
strategies to curb potential surge in Nepal. Our results may pro-
vide important policy guidance for devising the appropriate con-
trol strategies for bringing Nepal out from the devastating
pandemic.
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Appendix A

A.1. Derivation of basic reproduction number, Ry, using the next
generation matrix

We first obtain the disease free equilibrium, &*, of the model
system. Using the pre-pandemic condition 4= 4(0) and the
disease-free conditions E=0, Iz =0, [y =0, we obtain p=0.
Then the model system provides the following disease free
equilibrium:

&= (S*7Q*,O, 07 07 0)

where
s A MOy pd=9) Ly o MO
H H(T+7+ 1) T+Hy+Uu

According to the next generation matrix method, we divide the
compartments used in the model into two groups: infected
X=(x,i=1,2,3) = (E, I, In) and non-infected group
V= (¥, =1,2,3) = (5,Q,R). Then the model system can be writ-
ten as:

x=fiXy) and y;=gXy) for ij=123.

We now write the right hand side of the system of infected
compartments as f;(X,y) = F;(%,y) — Vi(X,¥), where F;(X, ) contains
the terms representing the new infections in compartment i and
Vi(X,y) contains the terms containing the difference between the
transfer of individuals out of and into the compartment i:

Fi STOLEIReTTR

F, | = 0 )

F3 0

Vi (0+ WE

Vo | = m+k+ wlg — 60(t)E
V3 (M +k+ wiy — (1 - 0(t)E

We now take the values B(t) = . and 6(t) = 6, corresponding to
the beginning of the epidemic, and construct the following two

matrices using F = (‘;—i)‘ and V = (ﬂ)‘ )
J &* &*

o)

0 0 =5 S+ 0 0
F=l0 0 0 |, V= —50, n+k+u 0
00 © -6(1-0) 0  nptk+p



K. Adhikari, R. Gautam, A. Pokharel et al.

These matrices allow use to compute the second generation
matrix as follows:

Bed(1-0c)S* 0 BcS”
1 (0-+k—+p0) (n+k+p) (Q*+S™) (n+k+p)(Q*+S)
V' = 0 0 0 )
0 0 0

: Bed(1-6,)S* :
whose eigenvalues are 0, 0, and IR GR @S Then the basic

reproduction number is given by the dominant eigenvalue.
Therefore,
Bo(1 - 0c)S”

b= Gk w@ 5

A.2. Proof of Theorem 1

Jacobian of the system of Eqgs. (2)-(6) evaluated at the disease
free equilibrium, &7, is

-t y1=p)+(1-pT O 0 -5 0
0 —(T+y+np) 0 0 0 0
0 0 —(0+p) 0 e 0
0 pT 80, —(n+k+w 0 0
0 7P 31— 0c) 0 -m+k+p) 0
0 0 0 n n —n

The eigenvalues of this Jacobian are given by

M=—llp=—f s =—-M+Kk+ ), la=—(7+T+ W),

, 7(5+11+2u+k)7\/(5+11+2,u+k)274(5+u)(r1+,u+k)(17R0)
5= )
2

and

(5+n+2u+k)+\/(5+11+2,u+k)2—4(5+u)(n+,u+k)(1 —Ro)
5 .

dg = —

We can clearly observe that all the eigenvalues are negative if
Ro < 1. Therefore, the disease free equilibrium, &*, is asymptoti-
cally stable if Ry < 1 and unstable if Ry > 1.
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ARTICLE INFO ABSTRACT

Keywords: Objective: To study the spreading nature of Delta variant (B.1.617.2) dominated COVID-19 in Nepal to help the
Delta variant policymakers assess and manage health care facilities and vaccination programs.

COVI:)-lQ Methods: Deterministic mathematical models in the form of systems of ordinary differential equations were
NePa_ L developed to describe the COVID-19 transmission in the high- and the low-risk regions of Nepal. The models
Hospitalization . . . s . . . . .
Vaceination were validated using the multiple data sets containing daily new cases in the whole country, the high-risk region,

the low-risk region, and cases needing medical care, ICU, and ventilator.

Results: We found the reproduction number of R, = 4.2 at the beginning of the second wave, larger than the
first wave (~1.8 estimated previously), indicating that the transmissibility of Delta variant is higher than the
wild-type circulated during the first wave. Model predicts that ~5% of the COVID-19 cases were reported in
Nepal, estimating the seroprevalence of ~63.9% as of July 2021, consistent with the survey conducted by the
Government of Nepal. The seroprevalence was expected to reach 94.46% by April 2022, among which ~46%
would have both infection and vaccination. The expected cases from September 2021 to April 2022 is 111,300,
among which 11,890 people might need medical care, 3590 need ICU, and 953 need ventilators. The COVID-19
cases and medical care needs could be significantly reduced with proper implementation of vaccination and
social distancing.

Conclusions: The data-driven mathematical models are useful to assess control programs in resource-limited
countries. The appropriate combination of vaccination and social distancing are necessary to keep the
pandemic under-control and manage the medical care facilities in Nepal.

1. Introduction

The COVID-19 pandemic caused by the novel coronavirus (SARS-
CoV-2) continues with multiple waves worldwide. The pandemic has
already generated more than 587 million cases and 6.43 million deaths
worldwide as of August 6, 2022 (Worldometer, 2022). Among the
several waves of COVID-19 caused by the different variants of the virus,
the Delta variant (B.1.617.2) was the dominating strain during the
second wave (June 2021 to December 2021 (GISAID, 2022)) until it was
suppressed by new Omicron variant. The World Health Organization

(WHO) classified the Delta variant as a global concern on May 10, 2021,
when it had already spread to more than 30 countries (Nebehay and
Farge, 2021). Notably, the Delta variant circulating during the second
wave was more infectious (Bolze et al., 2021b; Callaway, 2021; Camp-
bell and Archer, 2021; Jassat et al., 2021; WHO, 2021b) than the wild
type, and caused the highest number of cases and deaths compared to
other waves in Nepal (MoHP, 2021).

The crisis of Delta variant COVID-19 surge was catastrophic in Nepal,
significantly ruining the fragile health care system after the second week
of March 2021 (Weissenbach, 2021). With the country’s population of
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only 30 million, infections during the second wave soared to over 9000
new cases per day recorded in the first week of May 2020 (MoHP, 2021;
Poudel, 2021). As of September 1, 2021, the total COVID-19 related
death in Nepal is 10,770, among which more than 7770 were during the
second wave (MoHP, 2021). In May 2021, the whole-genome
sequencing tests of 35 swab samples confirmed 34 of them as Delta
variants (97%) (Poudel, 2021). Note that Alpha variant (B1.1.7) and
K417N (AY.1.), a sub-lineage of B.1.617.2, have also been identified in
Nepal (MoHP, 2020b).

In response to the second wave of COVID-19, the Government of
Nepal implemented the lockdown on April 29, 2021, beginning from
Kathmandu, the capital city, and later extending to all parts of the
country (ALJAZEERA, 2021). Despite the lockdown for about four
months and implemented vaccination, the transmission of the disease
was still significantly high (2052 new cases and 20 deaths on September
1, 2021 (MoHP, 2021)). The potential devastation of this pandemic is
highly unpredictable, primarily due to significant asymptomatic and
undiagnosed cases (Baggett et al., 2020; Li et al., 2020; MoHP, 2020a;
Reis et al., 2020). Moreover, the transmission dynamics of the second
wave of COVID-19 was quite different from the first wave because of the
availability of COVID-19 vaccination, improved treatment strategies,
and a higher infectivity of the Delta variant (Hafeez et al., 2021; Ito
etal., 2021). During the second wave, a higher reproduction number has
been reported (EPH, 2021; WHO, 2021b), and also infected individuals
experienced more severe infection resulting in a higher rate of hospi-
talization (Bager et al., 2021; Funk et al., 2021; Gupta et al., 2021;
Sheikh et al., 2021). Different vaccines are found to have varying effects
in the community across different regions of the world depending on the
variants (Abu-Raddad et al., 2021; Bernal et al., 2021). Therefore, it is
critical to gain insight into the unique transmission pattern and potential
burden of COVID-19 in Nepal to design policies for the proper man-
agement of health care facilities and vaccination.

In this study, we implemented a data-driven modeling approach to
study the COVID-19 transmission dynamics focused on two separate
regions (high-risk and low-risk). Considering two different regions is
essential in the context of Nepal because of the Nepal-India open border
and largely populated cities in some regions, making them higher than
others. Especially all the districts of the Terai region connected to India
and populated cities such as Kathmandu, Surkhet, Pokhara, Lalitpur,
Bhaktapur, and Chitwan are taken as a high-risk region. We validated
our model by fitting it to the multiple real-time data sets containing new
recorded cases from the high- and low-risk regions as well as the hos-
pitalized, Intensive Care Unit (ICU), and Ventilator cases, and estimating
key parameters of the model in a realistic range. We estimated the
effective reproduction number and predicted the hospital beds, ICU, and
Ventilators that would be needed in Nepal until April 2022. Moreover,
we extended our model to explore how various vaccination programs
would reduce the epidemic burden in Nepal.

2. Methods
2.1. Data

The data used in this study is obtained from the Ministry of Health
and Population, Government of Nepal (MoHP, 2021). We used the data
from 14 March to 15 September 2021 to fit the model. The six different
data sets, the daily new cases of the whole country, the high-risk and
low-risk regions, and number of patients in medical care, ICU, and
ventilators were used in our model fitting and simulation.

2.2. Transmission dynamics model

In our transmission dynamics model based on the SEIR framework,
we incorporated the medical care, ICU, and Ventilator compartments for
both high- and low-risk regions to study the second wave of COVID-19 in
Nepal. Schematic diagram and short description of the model are
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provided in Fig. 1, and the detailed description along with model
equations is provided in the GitHub public repository (Adhikari, 2021).

2.3. Parameter estimation and model fitting to data

Since the new cases began to increase from March 14, 2021, we took
March 14, 2021, as the initial time (¢t = 0) to initiate the second wave.
The total population of Nepal in the census year 2011 was 26,494,504,
and it is projected to be 29,996,478 at the end of 2020 (CBS, 2011).
About 3.5 million Nepalese live in India as migrant workers (Kuwar,
2015; Prasain, 2021), so we did not include this population in our study.
Using 14.4% [95% CI: 11.8-17.0] seroprevalence found in the October
2020 (MoHP, 2020a), our previous model (Adhikari et al., 2021)
allowed us to estimate the seroprevalence on March 14, 2021, to be
24%. We deducted both seroprevalence and migrant population from
the total population and took the initial susceptible population of 19.29
million for this study. Out of these susceptible populations, high and
low-risk regions constitute 65% and 35%, respectively (CBS, 2011). The
baseline values of all state variables are provided in the GitHub public
repository (Adhikari, 2021).

The lockdown in Kathmandu valley was started on March 29, 2021,
and gradually extended to almost all parts of the country (ALJAZEERA,
2021). To model this scenario, we defined the transmission rate f,(t)
and S5(t) as follows:

| Bu, if t<47,
ﬂz(f) = By ((1 — cb)exp(frH(t - 47)) +cp ), if t>47,

B i <47,
Bs(t) = {ﬂL (1 —cp)exp(—rp(t —47)) + ),

if t>47, }

where f; and f; represent the transmission rates before lockdown on the
high-risk region and the low-risk region, respectively. Following the
lockdown (at day 47), the transmission rates of high-risk and low-risk
regions decay at the rates ry  and r;, respectively. We further esti-
mate the different values of ry  and r;, for different time periods ac-
cording to the different levels of lockdown. We took ¢,= 0.3 assuming
up to 70% reduction on contacts during the prolonged lockdown period
(Coburn et al., 2009). Note that the transmission of diseases by the
recorded infectious remains the same regardless of the lockdown
situation.

Since the inter-region mobility is quite different during the lockdown
period from the pre-lockdown period, we considered two different
mobility rates, y(t) = y;, and 7,, for the period of pre-lockdown and
lockdown, respectively. The remaining parameters were estimated from
data fitting by using the least square method. The details of data fitting
are explained in the GitHub public repository (Adhikari, 2021).

2.4. Calculation of the reproduction number

The reproduction number (R;) is an average number of secondary
infections generated by a single infectious individual (You et al., 2020),
which captures the increasing (R, > 1) and decreasing (R;<1) trend of
the infection. We calculated the reproduction number by using our
dynamical system model and also using the Maximum Likelihood
Method (MLM) from the daily reported incidence using the EpiStem
package of R-program (Thompson et al., 2019) (see the GitHub public
repository (Adhikari, 2021) for the reproduction number formulation).

2.5. Modeling vaccination program

We assumed the vaccination for individuals in all compartments,
except the recorded infectious, medical care, ICU, and ventilator com-
partments, because the individuals were not vaccinated while they are
infected or in medical care. To incorporate the vaccination program into
the model, we further divide each vaccination-eligible compartment
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Fig. 1. Compartmental diagram of the Model. The red box denotes the high-risk region and blue the low-risk region. Here we divided the population into sixteen
distinct compartments: Sy, S;. (susceptible), Ey, Ei. (exposed), Iry, Iz (recorded infectious), Inm, Inr, (non-recorded infectious), My, My (Medical care), Icy, I
(ICU), Vg, Vi, (Ventilator) and Ry, Ry (recovered), where the suffixes H and L are used to indicate the high- and low-risk regions, respectively. Ay and A, represent the
recruitment rates due to birth and  A(t) is the rate of entry of the immigrants from abroad to the high-risk region. Among the immigrants, a portion ¢ is tested by
the antigen, and the rest (1 — ¢) entered the community without the antigen test. The p portion of immigrants with a positive test enter Izy class and the remaining
with a negative test enters Sy class. The immigrants without antigen test are entered to Sy and Iyy with the same portion 1 —p and p, respectively. There is no
recruitment from immigration in the low-risk region as it does not have a border with India. y ~is the mobility rate between two regions. The transmission rate from
the recorded infectious classes are f; for both regions, and that from non-recorded infectious classes in high- and low-risk regions are 8, and 3, respectively. The
incubation period is represented by . ¢ is the rate of being recorded, among which a portion w enter My; and My, and a portion (I-w) enter Igy, and I, respectively.
From My and M, classes, the severe patients enter high medical care at the rate v among them (1-y) portion enter I¢cy, Ic, and y portion enter Vy, and V;, at the rate
v. The recovery rate of Igy, Inu, Iri, and Iy;  classes is 5 and that of (My, M), Ucu, Icr), and  (Vg, Vi) are ap, a., and a,, respectively. The natural death rate of
all the classes is p and the disease-induced death rate for recorded and non-recorded infectious individuals are k and k’, respectively, and that of individuals in
medical care, ICU, and ventilator are  k;, ky and ks, respectively. A detailed description of the model and system of differential equations are provided in the GitHub

public repository (Adhikari, 2021).

into vaccinated and unvaccinated sub-compartments and transfer in-
dividuals from unvaccinated to vaccinated compartment upon receiving
vaccinations. We assumed that the vaccinated individuals are less sus-
ceptible to infection, less vulnerable for medical care, and immune
during the study period. The extended model diagram with the vacci-
nation program is presented in the GitHub public repository (Adhikari,
2021).

3. Results

3.1. Pattern of the second wave of COVID-19 in Nepal and model
validation

We used the extended model to fit the data and future predictions.
The model was fitted to the multiple data sets consisting altogether 1116
data points simultaneously (186 data points of each of the daily recorded
new cases in the whole country, the high-risk region, and the low-risk
region, and cases in medical care, ICU, and ventilator) (Fig. 2). The
large number of 6 different kinds of data points allowed us to estimate
the unique parameters. In the beginning, the vaccination level in Nepal
was negligible, but from middle of July 2021, the vaccination rate was
significantly increased. So, we also incorporated the realistic

vaccination program in our basic model fitting. The model is in excellent
agreement with each data set, asserting the validation of our model.

The second wave increased rapidly until the 1st week of May 2021,
hitting the highest new cases of 9070 on May 6, 2021. The imple-
mentation of lockdown reduces the new cases in both the high- and low-
risk regions, but the effect observed in the low-risk region was one
month delayed compared to the high-risk region. After the relaxation in
lockdown in some places of the high- and low-risk regions, the COVID-
19 cases resurged from mid-July of 2021, forcing these places to impose
the second lockdown (For example, Jhapa district imposed the second
lockdown from the last week of July 2021 and then relaxed from the
second week of August 2021 (The Himalayan, 2021)). As revealed in
Fig. 2, during the first peak of the second wave, the hospital beds, ICUs,
and ventilators needed were below the capacity allocated by the gov-
ernment. The estimated parameters are given in Table 1.

3.2. Forecasting of the second wave of COVID-19 in Nepal

The long-term prediction of the disease dynamics using the dynam-
ical system model is widely accepted. There are many mathematical
models (Chowdhury et al., 2020; Goscé et al., 2020; Hachtel et al., 2022;
Putra et al., 2020; Shankar et al., 2021; Tuite et al., 2020), which have
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Fig. 2. Model Fitting to Multiple Data Sets. Daily reported cases of the whole country Nepal (a), the high-risk region (b), and the low-risk region (c), and cases in
medical care (d), ICU (e), and ventilator (f). Solid lines represent the model prediction, and the circles represent the data. We take different decay rates ry and r;, of
transmission to address the different level of lockdown in different parts as follows: ri; = 0 (0 < t 47, Pre lockdown time), 0.082 (47 < t 95, Lockdown to all regions),
—0.05 (95 < t 193 186, Partial relockdown in some parts), and r, = 0 (0 < t < 47, Pre lockdown time), 0.033 (47 < t < 105, Lockdown starts and extend to other
parts), —0.038 (105 < t < 135, Relaxation of lockdown), 0.038 (135 < t < 185 Partial relockdown in some places).

been used to predict the long-term behavior of pandemic in different
places of the world. Here, we used our extended model to predict the
long-term trend of the epidemic from 16 September 2021 to the end of
April 2022 with the scenario of gradual relaxation of lockdown to reach
the pre-lockdown phase. We would like to mention our long-term pre-
diction includes short-term predictions as in some previous studies
(Dahal et al., 2021; IHME, 2021). We also used our model to evaluate the
various vaccination programs that the Nepal Government could imple-
ment. The trend of the epidemic with the level of vaccination imple-
mented by the government (Fig. 3) shows a steady decrease to an almost
extinct level with no cases of hospitalization at the end of April 2022.
However, we note that our prediction was for the scenario in which no
novel strain of SARS-CoV-2 would dominate the transmission. As per
model estimations, 111,300 new cases would be reported, with 11,890
people needing medical care, 3590 needing ICU, and 950 needing
ventilators, from September 16, 2021, to April 30, 2022.

3.3. Estimation of reproduction number in Nepal

We first estimated the reproduction number (R,) from the data using
the Maximum Likelihood Method (MLM). As mentioned earlier, the
April 14 was the starting date of the second wave of COVID-19 in Nepal.
Taking the 7 day-window for the calculation of R, (see method section),
we estimated the reproduction number from 21 April 2021-15
September 2021 (the last data considered). We observed that before the
lockdown, R, reached up to 2 in both the high- and low-risk regions as
well as in the whole country (around the 3rd week of April), indicating
that the significant community transmission of the disease had already

occurred before the lockdown.

While R; estimated from the data provides valuable information
regarding the disease trend, it lacks the asymptomatic cases, which may
be the dominating spreader of the disease. To overcome this limitation,
we also estimated the time-dependent reproduction number (R;) by
using our model. As expected, the model predicted a higher value of the
reproduction number of 4.2 due to the asymptomatic cases. R, decreases
rapidly after the implementation of the lockdown (Fig. 4). Around the
1st week of June, it fell below 1 and again raised following the partial
relaxation of lockdown. This trend of R; well-describes the trends of new
cases in both high-and low-risk regions.

Under the complete national-level lockdown, it took one month
longer in the low-risk region to bring R; below 1 compared to the high-
risk region. Our model also allowed us to predict a long-term R, up until
30 April 2022. According to our model prediction, R, remained less than
the threshold value 1, indicating the decreasing trends of new cases in
both regions (Fig. 4) throughout the pandemic until April 2022.

3.4. Estimates of seroprevalence

The antibody of COVID-19 forms in the body due to the viral infec-
tion and/or vaccination. Estimating the seroprevalence is practically
essential for COVID-19, mainly because of a large portion of unreported
infected individuals. We assumed that recovered and/or vaccinated
people remain immune during the simulation period. We estimated
63.9% seroprevalence (Fig. 5) as of the end of July. We also used our
model to predict the expected seroprevalence during the pandemic until
April 2022 (Fig. 5). As predicted by our model, the seroprevalence
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Table 1

Parameters of the model.
Symbol Description Value References
N transmission rate of 0.005 Data fitting

recorded infectious people
of high and low risk region

Pu transmission rate of non- 0.525
recorded infectious people
of high region

AL transmission rate of non- 0.235
recorded infectious people
of low-risk region

Data fitting

Data fitting

0 detection rate 0.05 Data fitting

¢ border screening rate 0.1 Data fitting

p positivity rate of migrant 0.1 (MoHP,
workers at border 2021)

k disease induced death rate of ~ 0.0002 Data fitting
reported non- hospitalized
infected

K disease induced death rate of ~ 0.00002 Data fitting
non-reported non-
hospitalized infected

ki,ko ks disease induced death rate in 0.001,0.041,0.071 Data fitting
medical care, ICU, and
ventilator

715 72 mobility rate between high 0.015, 0.0001 Data fitting
and low risk regions before
and after lockdown

® proportion of infected who 0.1125 Data fitting
need medical care

T rate of admission on ICU 0.1 Data fitting
from medical care

v rate of admission on high 0.05 Data fitting
medical care (ventilator and
ICU)

¥ proportion of infected who 0.21 Data fitting

need ventilator
recovery rate from medical
care, ICU, and ventilator

Ams A, Ay 0.092,0.1,0.0625 Data fitting

n recovery rate of infectious 0.0588 (WHO,

without medical care 2021a)

8 incubation period 0.1923 (Linton
et al., 2020)

reached ~89% in December 2021 and ~95% in April 2022.

Moreover, our model allows us to identify whether the seropreva-
lence achieved is due to vaccination, actual infection, or both. Among
the ~89% seroprevalence achieved by December 31, 2021, ~7% are
from vaccination, ~52% are from infection, and ~30% are from both
vaccination and infection. Similarly, ~7%, ~42%, and ~46% are ex-
pected contributions from vaccination, infection, and both, respectively,
towards the total seroprevalence of ~95% by April 30, 2022.

3.5. Role of vaccination in the mitigation of COVID-19 in Nepal

Here, we considered different vaccination scenarios under the com-
plete relaxation of non-pharmaceutical interventions and used the
model to predict the outcome of the pandemic under these vaccination
programs. Based on the literature, we modeled the effectiveness of
vaccination using a 50% reduction in infection and a 90% reduction in
hospitalization for vaccinated people. While we used this level of
effectiveness for demonstration purposes, the simulations with other
values produce a similar qualitative behavior with a slight quantitative
difference.

The Government of Nepal had set the target to vaccinate 71.6% of
the people from the eligible age groups (MoHP, 2021). Therefore, we
focus on vaccination programs targeting 71.6% of the eligible popula-
tion by a specific timeframe. The vaccination rate (), in our model with
the target to cover 71.6% eligible population by vaccination timeframe,
—ln(l—%

T, can be calculated using { = T ) (Pantha et al., 2021a). For
varying vaccination timeframes from October 31, 2021, to April 30,
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2022, and the varying level of lockdown from 0% to 80%, we simulated
our model to predict maximum daily cases, the total cases, the total
deaths, the total medical cares, the total ICUs, and the total ventilators,
during the pandemic until April 2022 (Fig. 6).

With the level of vaccination implemented and complete relaxation
of the lockdown, the peak value of new cases is 2232 per day. However,
the peak could be reduced to ~ 1726, 1966, 2070 and 2134 per day,
respectively, when the vaccination timeframe is set to the end of October
2021, December 2021, February 2022, and April 2022. Our model
simulations show that the total number of cases by the end of April 2022
could be reduced from 154,000 to 62,000, 94,000, 119,000, and
132,000 by setting the vaccination timeframe at the end of October
2021, December 2021, February 2022, and April 2022, respectively.
With these vaccination programs, i.e., the time frame of the end of
October 2021, December 2021, February 2022, and April 2022, the
number of recorded deaths could be reduced from 1509 to 686, 1017,
1196, and 1316, respectively. Similarly, these vaccination timeframes
could reduce the total medical patients from 16,610 to 5885, 9965,
12,150, and 14,080, respectively. In this case, the total ICU patients
could be reduced from 4941 to 1964, 3147, 3790, and 4220, respec-
tively, and ventilator patients could be reduced from 1305 to 522, 836,
1007, and 1122, respectively (Fig. 6).

4. Discussion

The timely characterization of the COVID-19 wave is essential for
policy intervention to overcome the devastating impacts of the
pandemic. Here, we developed a data-driven mathematical model to
describe Nepal’s unique delta variant-dominated second wave of
COVID-19. Using multiple data sets simultaneously and considering two
distinct high- and low-risk regions are unique features with more prac-
tical applications in our model. Our results provide a great insight into
some relevant scenarios of COVID-19 in Nepal and predict the impact of
potential vaccination programs on mitigating the burden of the
pandemic, helping policymakers design proper health care facilities and
vaccination strategies.

We identified the distinct pattern of the Delta wave in high- and low-
risk regions regarding its magnitude and time period. As expected, most
of the cases (>80%) were recorded in high-risk region and it peaked
about one month earlier than low-risk region. Such spatial disparity on
the pandemic trend was also found in the previous study (Pantha et al.,
2021b), which performed the province-wise analysis of the first wave of
COVID-19 in Nepal. The increasing trend of the epidemics remained for
the period of April-May 2021 in high-risk region and for the period of
May-June 2021 in low-risk region.

The delta variant was the dominant variant during the second wave
of COVID-19 in Nepal. As per our model estimates, the reproduction
number of R, = 4.2 at the beginning of the Delta variant dominated
second wave is higher than the first wave (~1.8) (Adhikari et al., 2021),
indicating a significantly higher virus transmission during the second
wave than the first wave. The maximum likelihood method gives a
relatively low effective reproduction number (~2) at the peak time of
epidemic that is similar to the other study (Dahal et al., 2021). The
higher transmissibility of the Delta variant observed in our study is
supported by the previous studies in different parts of the world
(Campbell and Archer, 2021; Funk et al., 2021; Saito et al., 2021; Bolze
et al., 2022; Li et al., 2021) and higher reproduction numbers in many
other reports and studies (Campbell and Archer, 2021; Ito et al., 2021;
WHO, 2021b). While the national implementation of lockdown caused
the reproduction number to decrease to below the threshold value 1, the
effect seen in the low-risk region was about a month delayed compared
to the high-risk region. Such inter-regional disparity highlights that
regional level policy, and thus regional level modeling, is needed for
more effective control of the local-level outbreak. The inter-region
discrepancy overserved in our estimated R, is consistent with the
inter-provincial disparity identified in Pantha et al. (Pantha et al.,
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Fig. 3. Long term Prediction of the Model. Prediction of daily reported cases of the whole country Nepal (a), the high-risk region (b), and the low-risk region (c),
and cases in medical care (d), ICU (e), and ventilator (f), predicted by the model until April 30, 2022.

2021b) during the first wave of COVID-19 in Nepal.

The potential transmission from the undiagnosed cases is one of the
most contributing factors to the uncertainty of the COVID-19 pandemic,
causing extreme difficulty for its control. Estimating this critical trans-
mission rate from undiagnosed cases requires a large-scale seropreva-
lence survey, which is often limited by resources in developing countries
like Nepal. We implemented our data-driven dynamical system-based
model to estimate this transmission rate. We found a significantly high
transmission rate from undiagnosed cases (~95%), consistent with the
seroprevalence survey of the Government of Nepal (MoHP). Our model
predicts ~63% seroprevalence in Nepal at the end of July 2021,
consistent with the result (~68.6%) from the Nepal Government’s sur-
vey (MoHP). With the level of vaccination implemented, the model
predicts that ~95% of people were immune to the circulating strains of
COVID-19 by the end of April 2022. Among these immune people, about
46% had experienced both vaccination and actual infection.

For developing countries like Nepal, timely assessment of expected
burden is critical to avoid an overwhelming situation in hospitals and
medical facilities. Our simulation results identified the duration of
hospitalization of the COVID-19 patients in Nepal (7 days in normal
medical care, 7.2 days in ICU, and 7.5 days in ventilators) shorter than
that noted in other studies (Ben, 2021; Li et al., 2020; Twohig et al.,
2022; Gupta et al., 2021). As in many other studies (Saito et al., 2021;
Twohig etal., 2022; Verity et al., 2020; Jassat et al., 2021), Nepal faced a
significant increase in the hospitalization burden due to the
delta-variant compared to the wild-type. Based on our model analysis,
we found the hospitalization of ~11.25% of recorded cases in Nepal,
similar to the rates identified in other countries (~9.2%—25%) (Bager
etal., 2021; Gupta et al., 2021). Among the hospitalized patients, ~35%
of them needed extensive medical care, such as ICU and ventilator.
According to the report on May 2020 (MoHP, 2020b), Nepal had 26,930

hospital beds, 1595 ICU beds, and 840 ventilators, including the gov-
ernment and private sectors. The Government of Nepal planned to
allocate one-third of these facilities for COVID-19 patients. Later, the
Government of Nepal extended its capacity to 10,116 hospital beds,
1648 ICUs, and 1088 ventilators for COVID-19 patients (MoHP, 2021).
Interestingly, these data show that the predicted total hospitalization
burden remains below the total capacity of Nepal even though the
country is expected to have limited medical resources and prevention
programs. However, we note that during the peak time (last of May
2021), many national and international media (Ben, 2021; Bhandari and
Hannah Peterse, 2021; Prasain, 2021; ReliefWeb, 2021) covered the
news about a shortage of hospital beds, ICU, ventilators, and oxygen
cylinders. This discrepancy may be attributed to mismanagement of the
hospital infrastructure and/or underreporting of patients. We also note
that the low hospital rate may partially be attributable to the hospital-
ization of only complicated cases or scarcity of the hospital beds at the
time of peak (Ben, 2021; Prasain, 2021; ReliefWeb, 2021).

The significant impact of the vaccination, including against the new
variants, has been reported (Abu-Raddad et al., 2021; Bernal et al.,
2021). Both vaccination programs and the relaxation of lockdown were
ongoing in Nepal after the September 2021. We implemented our model
to predict the potential epidemic trends and medical care needed (hos-
pital bed, ICU, ventilator) for various coverage rates of vaccination
programs and levels of lockdown during the pandemic until April 2022
(Fig. 6). Our model predictions of 111,300 cases, 11,890 hospitaliza-
tions, 3590 ICUs, and 950 ventilators by the end of April 2022 is also
compatible with the prediction of IHME model (IHME, 2021). The re-
sults on vaccination and lockdown provide information on suitable
strategies for Nepal to manage medical care and the pandemic burden.

We acknowledge some limitations of our study. Daily new cases may
be affected by the number of tests and the positivity rate, which were not
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considered into our model. The inherent complexities of an unfolding
epidemic, human behavior, implementation timing, and governmental
policy change may have some impact on our predictions. We ignored the
spatial heterogeneity in the dynamics within each region, the high- and

low-risk regions. Furthermore, the inhomogeneity of the age structures
of the study population was ignored. These questions can be addressed
by heterogeneous and/or age-structured models, but more granular data
is required. We considered high- and low-risk districts based on in-
terconnections with India, a highly affected country by Delta variant,
population density, and mobility pattern. The lack of data and infor-
mation might have caused some uncertainty in categorizing districts
into high- or low-risk regions. For example, our model classified the
Makawanpur district, which is connected to high-risk districts (Chitwan,
Lalitpur, and three Tarai districts), as low-risk due to its low density, low
mobility pattern (a hilly district), and low infected cases. Moreover,
because of the lockdown implemented during the second wave, there
was less mobility across the districts, making Makawanpur a low-risk
district despite its high-risk neighboring districts. Our long-term pre-
dictions were under the assumption that a novel strain would not appear
for the study period. Therefore, the results need to be interpreted when
the viral evolution and emergence of more severe strains are absent.

In summary, our data-driven model reveals some essential and
insightful facts regarding the Delta-dominated second wave of COVID-
19 in Nepal. In-depth exploration of the potential discrepancy be-
tween the actual epidemic burden and the recorded data suggests the
policymakers revisit the gaps between the plan and practice of man-
agement of the pandemic. Estimated seroprevalence, new COVID-19
cases, and the hospitalization burdens under vaccination can provide
helpful information for designing plans to control the pandemic in
Nepal.
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1. Transmission dynamics model

To develop a transmission dynamics model based on the SEIR framework,
the total population is divided into high- and low-risk regions. The high-risk
region consists of 22 districts, which have an open border with India and /or have
highly populous cities, such as Kathmandu, Kaski, Chitawan, and Surkhet. The
remaining districts belong to the low-risk region. The map of Nepal showing

the high and low risk region is shown in the figure 1.
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Figure 1: A map of Nepal. To create the map, the data (shapefile format) was obtained
from the official webpage (http://dos.gov.np) of the government of Nepal (Accessed on April
23, 2021). The map was then created using cartography package in R 4.3.1. The yellow region

constitute the districts of high risk region and that of deep blue is low risk region.

The population of each region is divided into sixteen distinct compart-
ments: Sy, St (susceptible), Ey, Ey, (exposed), Iry, Irr (recorded infectious),
Igu,Iny (non-recorded infectious), My, M; (Medical care), I.g,I.;, (ICU),
Vi, Vi (Ventilator) and Ry, Ry (recovered), where the suffixes H and L are
used to indicate the high- and low-risk regions, respectively. Ay and Ap repre-
sent the birth rate in the high and the low-risk regions, respectively.

The immigrants from abroad enter only the high-risk region at the rate of
A(t). Among the immigrants A(t), a portion ¢ is tested by the antigen, and the
rest (1 — ¢) entered to the community without the antigen test. The portion p
of the immigrants with a positive test result entered the recorded infected class
(Irp) of the high-risk region and the remaining immigrants (negative test result)
entered the susceptible class. The immigrants without antigen test entered to
the susceptible and non-recorded infectious (Iypg) with the same portion as

that of tested immigrants. Since the low-risk region does not have a border



with India, there is no recruitment from immigration in low-risk regions.

~(t) represents the mobility rate between two regions with corresponding
classes (susceptible, exposed, non-recorded infectious, and recovered). The
transmission rate from recorded infected individuals of both regions, non-recorded
infectious individuals in the high-risk region, and non-recorded infectious indi-
viduals in low-risk region are denoted by f1, B2(t), and B3(t), respectively. The
exposed individuals become infectious at the rate of §, among which a portion
6 are recorded and the remaining (1 — ) remain non-recorded in both regions.

Among the recorded infectious, a portion w of infected entered the medical
care class, and the remaining (1 — w) enter the class without medical care in
both regions. From the medical care class, the severe patients enter an extreme
medical care class at the rate v, among whom a portion i require the ventilators
and the remaining (1 — ) portion are admitted to ICU. The rate of recovery
from the recorded class without medical care and non-recorded infectious class
is denoted by n and those from medical care, ICU, and ventilator are denoted by
Qm, Q¢, and a,,, respectively. The natural death rate is denoted by p and the
disease-induced death rate for recorded and non-recorded infectious are k and
k', respectively. The disease-induced death rate for medical, ICU, and ventilator
are k1, ko, and ks, respectively. The schematic diagram of the model is shown

in Figure 2.
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Figure 2: The compartmental diagram of the model. The compartments within the
red box and the blue box belong to the high- and the low-risk regions, respectively. The
arrow represents the transfer from one compartment to another. For clarity, the natural and

disease-induced death rates are not shown in the diagram.

The dynamical system consisting of ODEs of the model is as follows:



ds I I S
H ~ Ag Sy — (BoInu + Bilru) Su

—(Y+ S+ AL =p)(1—¢)+ A1 —p)o

dt Ny
(1)
ds Inp + P1lrL) S
—LZAL-FWSH—(BS ~L + BilrL) L _ (y+ p)Ss 2)
dt N
dE 1 I S
H:(/B2 NH + Silru) H—|—’}/EL—('Y+6+:U)EH (3)
dt Ny
dE I Irp) S
L _ (BsInL + filRL) L o VEy— (v 48+ pEy (4)
dt Ni,
dI /
ch’ =6(1=0)Eg +vIne —(n+ K + ) Ing + Ap(1 — ¢) —vINu (5)
dI
d]ZL =5(1—-0)Ey +vIng — (n+K +p)Iny —vINL (6)
dl
dsz =60(1 —w)Ey + Apd(1 —w) — (n+ k + p)Iru (7)
dI
d}ZL =001 —w)Er — (n+k + p) g (8)
dM
14 o spso 41 10 g
M
ddtL = 00wE — (e + k1 + n+v) M (10)
dl.
dtH =v(1 — )My — (ae + ko + p) Lp (11)
dl .
dtL =v(l— )My — (ac + ko + 1) Ier, (12)
av
L — vpMy — (e + ks + 1) Vi (13)
dv
L — yp My — (e + ks + ) Vi (14)
dt
dR
TtH = aclen + amMy +n(Ipa + INg) + ooV +yRr — (n+ )Ry (15)
dR
d—tL = acle, + YRy + amMp +n(Inp + Irr) + Ve — (v + p)Rp. (16)

Here, Ny = Sy + EFg + Igrg + Ing + Mg + I.g + Vg + Ry and N = S +
Er+Irp +Inp +Mp+ 1 + Ve + R
2. Modeling vaccination program

We extended our model to incorporate the vaccination program by further

dividing each compartment into vaccinated and non-vaccinated compartments



except the recorded infectious compartments and medical compartments. For
our study period, we assumed that there is no loss of immunity of vaccinated and
recovered people. In the vaccinated compartments, there is a reduced infection
rates and a reduced rates of hospitalization and medical care. The schematic

compartmental diagram of the model with vaccination program is shown in

Figure 3.
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Figure 3: The compartmental diagram of the model with vaccination. The green
boxes represent the vaccinated compartments. All other rates of transfer between com-
partments are the same as in Figure 2 except transmission rates and hospitalization rates

(Bf,1=1,2,3, and w').

3. Computation of reproduction number

3.1. Next generation method

3.1.1. Reproduction number of the whole country
First we calculate the diseases free equilibrium point. At the disease free
equilibrium point the portion of positive antigen test is zero, i.e p = 0, and we

use the pre-pandamic condition A = A(0) and Ey = Fp, = Igpy = Igr, = Ing =



Inp =My =My =1I.g =11 =Vyg =V, =0. We get the fOHOWiIlg disease
free equilibrium point: E* = (S3,573,0,0,0,0,0,0,0,0,0,0,0,0,0,0), where

AO)(y 4+ p) + (v + p)Am + AL
1(2y + )

YA0) + Ay + (v + w)AL

Sk =
" (2 + 1)

*
aSL:

We now divide the compartments into two groups: infected ¥ = (x;,7 =
1,2,...,12) = (Ey, Ey,
Irm, Ire, I, INL, Mu, Mp, Icy, Icr, Vi, Vi) and non-infected ¢ = (y;,5 =
1,2,3,4) = (Su, S, Ry, Rr). Then the system (1-16) can be written as:

z; = fi(Z, ) and ¢ = g;(Z,9) for i =1,2,...,12,j = 1,2,3,4.

The right hand side of the system of infected compartments can be written
as: fi(Z,9) = Fi(Z,9) — Vi(Z, 9), where F;(Z, ) contains the terms representing
the new infections in compartment ¢ and V;(Z, §) contains the terms containing

the difference between the transfer of individuals out of and into the compart-

ment ¢. Then we construct the following two matrices using F' = (‘gi Z) and

V= (8‘/*) at the diseases free equilibrium (DFE) point as follows:

8$i
A 0 B 0
F= 6X6 6X6 , V= 8X6 6X6 7
Osx6  Osxo O0axe Coxs
where
B1S% Bu Sk
0 0 le;H 0 K,I,;H 0
0 0 0 0 0 0
A= ,
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0




Y+ S+ p — 0 0 0 0
-y y+o+p 0 0 0 0
—00(1 —w) 0 kE+n+up 0 0 0
B 0 —00(1 —w) 0 E+n+p 0 0 ’
—6(1—6) 0 0 0 v+t u+E —
0 —5(1—10) 0 0 —y RN
—d0w 0 0 0 0 0
0 —00w 0 0 0 0
and
0 0 0 0 0
0 00 00
O —v(1—1) 0 g 0 0 0
0 —v(l—=9) 0 ¢ 0 0
—v1) 0 0 r 0
0 —v 00 0 r

Herep=Fki+u+am, g=ac+ks+u,and r=ks+ pu-+ ay.
The largest eigenvalue of the matrix FV ! gives the basic reproduction

number as follows:

1
Ro =3 (D +vVD? - 4E) , (17)
where
D BT SHENE 4+ 81Ty ST N + BoT3S5 Nf + 831357 Nj;
N, N; ’
£ Sy Sy (B3TE — B3T3 + (B2 + B3) BiThTs — (B2 + B3) BiToTy + B33 (T4 — T%))
Ni N} ’
T 001 —w)(v+d+p) T — ¥50(1 — w)
Tyt mmtktp) T 0@yttt p)
T — Y1 —0)2y+d+n+ Kk +2pu)
PNy o+ (R ) Ry K )
nd T §(1—=0) (n+opu+nu+vy2y+8+n+k +2u) + 6k + pk' + p?)
4 = .

G+m)2y+d+u)(n+E +p)2y+n+k +p)



At the Diseases Free Eqilibrium (DFE) point, S}, = Nj;, and S} = Nj,

then the basic reproduction number is obtained as:

1
Ry = 5 <261T1 + 52T3 + ﬁng + \/4,8253T42 + 4[‘31ﬂ3T2T4 + 4/B%T22 + (52 _ ﬂg) 2T32 + 45162T2T3> )
(18)
The corresponding effective reproduction number is obtained by making the

respective state variables of 17 as function of ¢.

3.1.2. Reproduction number of the high-risk region
Similar to the section 3.1.1, we construct the following two matrices for high

risk region at DFE point as follows:

B1S% @

0 N N,*,H 0 0O

0 0 0 0 0O

0 0 0 0 0 O

Fy =

0 0 0 0 0O

0 0 0 0 0O

0 0 0 0 0O
Y+O+p 0 0 0 0 0
—00(1—w) k+n+p 0 0 0 0
—6(1—0) 0 E+y+n+p 0 0 0

Vi =
—00w 0 0 wtv+ ki 4+ am 0 0
0 0 0 —v(l—1) w+ ke + ag 0
0 0 0 -y 0 w+ ks + ay

The dominated Eigenvalue of FyVy ! gives the basic reproduction number

of the high-risk region as follows.

S18 (BaL = )+ k +p) + 051 (1 = )y + 0+ ¥ + )

Rpo = 19
1o Ny(v+ 0 +m)n+k+ w0y +n+ K +p) (19)
. Using Nj; = S}; for DFE point, we obtain
(B =)(+E+p)+0B:1(1 —w)(y+n+k +pun))
Rpo = . (20)

(Y+o+u)n+k+p)y+n+k +p



The corresponding effective reproduction number is obtained by making the

respective state variables of 19 as function of ¢.

3.1.3. Reproduction number of the low-risk region
Similar to the section 3.1.1, we construct the following two matrices for low

risk region at DFE point as follows:

B1ST  BsSt
0 N N 0 00
0 0 0 0 00
0 0 0 0 0 O
Fp =
0 0 0 0 00
0 0 0 0 0 0
0 0 0 0 0 0
and
Y45+ p 0 0 0 0
—00(l-w) k+n+p 0 0 0
—0(1-6) 0 E4+~v4+n+p 0 0
Vy =
—00w 0 0 w+v+k 4+ an 0
0 0 0 —v(1—1) w+ ks +
0 0 0 ) 0

The dominated eigenvalue of FgVy ! gives the basic reproduction number as

follows.
CSE(BOA —w)(y+n+ K +p) +B3(1—0)(n+ K+ )
Rrog = - ; . (21)
Ni(y+o+p)n+k+u)(y+n+E +p)
Using Nj = S} for DFE point, we obtain
0B —w)(y+n+ K 4 p) + B3(1 = 0)(n+k+ )
Rpo = L (22)

(Y+o+u)n+k+p)y+n+k+p)

The corresponding effective reproduction number is obtained by making the

respective state variables of 22 as function of ¢.
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3.1.4. Maximum likelihood method on data

There are number of methods to estimate the basic reproduction number
from the disease incidence data. Among them, the method proposed by White
and Pagano [5, 6] known as the maximum likelihood method (MLM), is widely
used in many studies.

We also calculate the effective Reproduction number (R;) from the daily
incidence data as a marker for the decrease or surge in infections from the
real-time data. Time-varying R; can be calculated using the time series of the
infections and generation time distribution [3]. We use the approach developed
by Thompson et al [2] for the estimation of effective reproduction numbers using
the EpiEstem package of the R program. We take the mean serial interval as

4.7 days days, with an SD of 2.9 days days based on the previous study [4].

3.2. Parameter estimation and model fitting to data

3.2.1. Data fitting

The model is fitted to the multiple data sets, containing the daily new cases
of the whole country, the high-risk and low-risk regions, and patients in medical
care, ICU, and ventilators. From our model, the recorded new infections in
Nepal, the high-risk region, and the low-risk region, the number of patients in
medical care, ICU and ventilator at time ¢ can be computed using the following

respective equations:

L, (t) = 60Ey + \(t)pp + 0F, (23)
Liw(t) = 60Ew + A(t)¢p, (24)
L(t) = 60F;, (25)

Lm(t) = 5w9(EH+EL)+)\(t)¢pW7Otm(MH+ML)7]€1(MH+ML)7I/(MH+ML),

(26)
Le(t) =v(l =) (My + Mp) — (k2 + ac)(Mu + M), (27)
Lv(t) = V@/}(MH + ML) — (kg + Olv)(VH + VL). (28)

11



We solve the system of differential equations numerically using a fourth-order
Runge-Kutta method. We use the solutions to obtain the best-fit parameters
via a nonlinear least-squares regression method that minimizes the following

sum of the squared residuals:

Here, 81, B, BL, 0, TH, TLy Y1, V2, Wy Vs Uy Qs gy iy Uy Ky K Ky, ko, and k3 are pa-
rameters to be estimated. L, (tg), Lyn(t;), Lri(t;), L (), Le(t;), Ly (t;) are model
values and L, (t;), Lyn(t:), Lyi(t:), L (ts), Le(t;), Ly (t;) are those given in the
available data of the respective classes. n represents the total number of data
points used for the model fitting.

In our study, all computations were carried out in MATLAB 2020a (The
MathWorks, Inc.).

12



3.2.2. Initial values of the state variables

Description State variables Base Value Reference
Susceptible population in high risk region S (0) 12,818,000  Calculated
Susceptible population in low risk region S1(0) 6,479,000 Calculated
Exposed population in high risk region Ex(0) 100 Assumed
Exposed population in low risk region EL(0) 80 Assumed
Recorded infectious population in high risk region Irm(0) 200 Assumed
Recorded infectious population in low risk region Ir(0) 100 Assumed
Non-Recorded infectious population in high risk region Ing(0) 1000 Assumed
Non-Recorded infectious population in low risk region  Inr(0) 800 Assumed
Patients in medical care in high risk region My (0) 0 Assumed
Patients in medical care in low risk region M, (0) 0 Assumed
Patients in medical care in high risk region I.1(0) 0 Assumed
Patients in medical care in low risk region M.£(0) 0 Assumed
Patients in medical care in high risk region Vi (0) 0 Assumed
Patients in medical care in low risk region V(0) 0 Assumed
Recovered population in high risk region Ry (0) 460,8000 Calculated
Recovered population in low risk region R.(0) 256,8000 Calculated
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ABSTRACT

The newly emerging pandemic disease often poses unexpected troubles and hazards to the global health system, particularly in low and middle-income countries
like Nepal. In this study, we developed mathematical models to estimate the risk of infection and the risk of hospitalization during a pandemic which are critical
for allocating resources and planning health policies. We used our models in Nepal’s unique data set to explore national and provincial-level risks of infection and
risk of hospitalization during the Delta and Omicron surges. Furthermore, we used our model to identify the effectiveness of non-pharmaceutical interventions
(NPIs) to mitigate COVID-19 in various groups of people in Nepal. Our analysis shows no significant difference in reproduction numbers in provinces between
the Delta and Omicron surge periods, but noticeable inter-provincial disparities in the risk of infection (for example, during Delta (Omicron) surges, the risk of
infection of Bagmati province is: ~ 98.94 (89.62); Madhesh province: ~ 12.16 (5.1); Karnali province ~31.16 (3) per hundred thousands). Our estimates show
a significantly low level of hospitalization risk during the Omicron surge compared to the Delta surge (hospitalization risk is: ~ 10% in Delta and ~ 2.5% in
Omicron). We also found significant inter-provincial disparities in the hospitalization rate (for example, ~ 6% in Madhesh province and ~ 21% in Sudur Paschim)
during the Delta surge. Moreover, our results show that closing only schools, colleges, and workplaces reduces the risk of infection by one-third, while a complete
lockdown reduces the infections by two-thirds. Our study provides a framework for the computation of the risk of infection and the risk of hospitalization and
offers helpful information for controlling the pandemic.

1. Introduction outbreak (Adhikari et al., 2022; Malik, 2022). The uncertainty on
the risk of infection and hospitalization may have a greater impact,
especially on developing countries like Nepal, because of the resource
limitations. Thus, estimating the real-time risk of infection and hospi-
talization is crucial for assessing disease transmission and managing

medical resources to minimize the burden of pandemics.

The COVID-19 pandemic has expanded globally in multiple waves,
resulting in considerable clinical expenses due to the emergence of
new Corona Virus strains. Despite the global control efforts and the
development of vaccines, the disease has triggered a catastrophic im-
pact with more than 692.58 million cases and more than 6.90 million

deaths as of 3 August 2023 (Worldometer, 2023). Notably, during the
pandemic, a lack of knowledge about the risk of circulating new strains,
which may be more contagious and capable of evading the immune
response of previously infected or vaccinated individuals, may lead
to unusually high cases (Islam et al., 2022). Due to the uncertainty
and variability in disease severity across different strains, there are
often insufficient resources and preparedness, resulting in overwhelmed
hospitalizations and shortages of medical staff, equipment, and beds.
Consequently, individuals may postpone seeking medical attention and
neglect preventive measures, which can ultimately increase the risk
of death, as witnessed in Nepal and India during the Delta variant

* Corresponding author at: .
E-mail address: nvaidya@sdsu.edu (N.K. Vaidya).

https://doi.org/10.1016/].jtbi.2023.111622

Nepal, one of the least developed countries in the world, has been
severely impacted by the COVID-19 pandemic (Adhikari et al., 2022;
Ben, 2021; Bhandari and Hannah Peterse, 2021). Specifically, the sec-
ond and third waves with the respective Delta and Omicron variants
swept across the country from the beginning of April 2021, resulting in
one million cases and 12,019 deaths (MoHP, 2022) until 1 December
2022. During the peak of the second wave of COVID-19 (end of May
2021), Nepal experienced a terrifying shortage of hospital beds, ICU
beds, ventilators, and oxygen cylinders, which resulted in a loss of
potentially preventable lives (Ben, 2021; Bhandari and Hannah Peterse,
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2021). The first case of Omicron in Nepal was detected on 6 December
2021 (Poudel, 2021). On 23 January 2022, the Omicron variant con-
stituted 88% of the new cases (Poudel, 2022) and then quickly swept
across the country but with significantly less severe cases than the Delta
wave (Worldometer, 2023; MoHP, 2022).

The seven provinces of Nepal have various contact patterns of
population because of the diverse geographical areas, distinct lifestyles,
cultural practices, economic circumstances, and levels of urbanization
in these areas (Pantha et al.,, 2021), which also pose challenges in
testing and reporting COVID-19 cases. As a result, each of Nepal’s seven
provinces had specific vulnerabilities during Delta and Omicron surges.
These distinctive features highlight the importance of context-specific
distinct Nepalese data set with a multi-phasic trend of disease dynamics
to perform an in-depth analysis of the risk of infection and hospitaliza-
tion in the context of the geographic and demographic heterogeneity
among the provinces of Nepal.

The effective reproduction number is widely used to assess the speed
of an epidemic; if it is greater than one, the disease is rising (van den
Driessche and Watmough, 2002). However, due to the differences in the
size of the susceptible population, the number of infected individuals,
and the population’s contact pattern, two localities with the same ef-
fective reproduction number may be vulnerable in different magnitudes
(different magnitudes of incidence) during the pandemic. In such situ-
ations, estimating the risk of infection and hospitalization is essential,
which can better describe epidemic status and healthcare capabilities.
Limited clinical case studies (Dorabawila et al., 2022; Berumen et al.,
2020; Lehnig et al., 2021; Tang et al., 2020; Rajiv and Jeffrey, 2020;
Xiang et al., 2022) and a handful of mathematical models (Bhatia
and Klausner, 2020; Wan et al., 2020; Mizumoto and Chowell, 2020;
Meehan et al., 2020) estimate the risk of infection and hospitalization.
However, none of these studies have combined mathematical models
with real-time incidence data, active hospitalization, and population
contact patterns, constituting the essential factors associated with dis-
ease transmission and controls. Such data-driven mathematical models
can accurately estimate and quantify the real-time risk of infection
and hospitalization during the pandemic (Adhikari et al., 2022; Pantha
et al., 2021; Nabi, 2020).

In this study, we developed data-driven models to estimate the real-
time risk of infection and hospitalization. Then we implemented our
models on the data of COVID-19 in Nepal to estimate the province-
wise time-dependent reproduction numbers, the risk of disease, and the
risk of hospitalization. Using our models, we compared the Delta and
Omicron waves and their impacts on the province-level community and
healthcare systems. Furthermore, we used our model to evaluate the
effects of intervention policies on the risk of infections.

2. Methods
2.1. Data

The countrywide and province-wise data were obtained from var-
ious available sources, including the official websites of the Ministry
of Health and Population Nepal (MoHP, 2022) and the Central Bureau
of Statistics (Central Bureau of Statistics (CBS), 2022). We considered
the data containing the daily new COVID-19 cases and the active
hospitalization cases in seven provinces of Nepal from 1 April 2021
to 31 March 2022, covering both Delta and Omicron waves. Based on
the information about the circulating viral strains, we assumed that the
Delta surge occurred between 1 April and 30 December 2021 and that
the Omicron surge occurred from 1 January to 31 March 2022.

The contact rate, which depends upon the mobility of the popula-
tion, plays a vital role in disease transmission. Since the population is a
heterogeneous mixture of different age groups with different mobility
and contact patterns, we utilized a previous study’s age-specific contact
rates for Nepal (Prem et al., 2017). Here, a contact is defined as either
skin-to-skin contact, such as a kiss or handshake (a physical contact),

Journal of Theoretical Biology 574 (2023) 111622

Table 1
Total population of Nepal and its provinces. The third column contains the populations
used in our study.

Regions Total population Population for the study
(0.9255 x Total population)

Nepal 29,136,808 26,966,116

Province 1 4,972,021 4,601,605

Madhesh province 6,126,288 5,669,880

Bagmati province 6,084,082 5,630,818

Gandaki province 2,479,745 2,295,004

Lumbini province 5,124,225 4,742,470

Karnali province 1,694,889 1,568,620

Sudur Paschim province 2,711,270 2,509,280

or a two-way conversation with three or more words in the physical
presence of another person but no skin-to-skin contact (a nonphysical
contact) (Prem et al.,, 2017). Based on the previous studies (Prem
et al., 2017; Mossong et al., 2008), we estimated an average of 19.31
contacts per person daily. The contact matrix, including population
mixing patterns and distribution of contacts by age groups, is presented
in Fig. 1. We calculated the group-wise contact rate using the weighted
arithmetic mean of contact rates of different age groups. Details of the
study design and data collection procedure of contact rate are provided
in the previous study (Prem et al., 2017).

We took the total population of Nepal and its seven provinces
from the recently published results of the population census of Nepal
(2021) (Central Bureau of Statistics (CBS), 2022). Since about 7.45%
of Nepalese are in foreign countries (Central Bureau of Statistics (CBS),
2022), we only took 92.55% of the total population for our study.
The total population and population used in our study are given in
Table 1. We assumed the infectious period of the Delta variant to
be 10 days (Herrero, 2021) and that of the Omicron variant to be
7 days (Ontario Agency for Health Protection and Promotion (Public
Health Ontario), 2021; Walensky, 2021).

2.2. Estimation of the effective reproduction number (R,)

The effective reproduction number, R,, is the real-time estimation
of the reproduction number that represents the average number of
secondary infections from an infected individual in his/her infectious
period at time 7 (Thompson et al., 2019). Here, we used the Maximum
Likelihood Method (MLM) described in the previous studies (Cori et al.,
2013; Thompson et al., 2019) to estimate the effective reproduction
number. We require two data sets to estimate R, using MLM: the
number of new cases (incidence of cases) over time and the generation
time (time duration between the primary and secondary infection). The
generation time is usually not observable but can be approximated with
the serial interval (Kuk and Ma, 2005), which is defined as the time
between the onset of symptoms of primary cases and that of secondary
cases (Wallinga and Teunis, 2004). Many studies (Zhang et al., 2020;
Talmoudi et al., 2020; Challen et al., 2020; Rai et al., 2021) have
reported that the serial interval follows a Gamma distribution with
certain means and standard deviations.

Assuming that the secondary cases at time ¢ generated by the cases
infected at time s (s = 1,2,...,7) follow the Poisson distribution with
mean Ry, = R Y.  I,_w,, where y, = ' I,_w, and w; is a
Gamma distribution of serial interval describing the infectiousness at
time s after infection, the likelihood function of secondary cases is

(Rtu/t)lt e_Rz%
1!
We assumed that the reproduction rate R, remains constant over the

small time period [ — 7, ¢] and is denoted as R, .. The likelihood of
the secondary cases over the time period [t — 7, ] with given previous

L(R) =

incidences Iy, I},...,I,_._; is
t I ,—R
(RS,TWSJ) s e RerWsr
LR =[] — (€Y)
S=t—1 s
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Fig. 1. (a) Age-specific contact matrix for Nepal (Prem et al., 2017). The two axes that start at the top left of the matrix represent the age groups that make up the population.
(b) The average number of contacts per individual per day of different age groups in Nepal. The age groups are split into the following categories: preschool, school, 10+2 and

college, working, and old age.

Using a Bayesian framework with a Gamma distributed prior with
parameters (a,b), the posterior joint distribution of R, is given by a
Gamma distribution with the parameters

I
S=1—-7 % + Z l[/A
s=t—1
For our base-case computations, we used the serial interval with the
Gamma distribution with a mean of 4.7 days and a standard deviation
of 2.9 days for the Delta variant (Musa et al., 2020), and a mean of
3.5 days and standard deviation of 2.4 days for the Omicron vari-
ant (Backer et al., 2022). For the computation of reproduction numbers,
we used the ‘EpiEstim’ package of R-software (R 4.2.1) (Cori et al.,
2013; Thompson et al., 2019).

2.3. Estimation of risk of infection

We assumed that C, represents the instantaneous contacts of an
individual at time ¢ and C is the average (expected) number of daily
contacts. We assumed the contact (C,) follows a Poisson distribution
with mean C, i.e.,, C, ~ Pois(C). We further assumed that N is the
total population, which we assumed to be constant during the short
period of a single surge, and I, and I/ are the number of new infections
and active infections at time ¢, respectively. Taking ¢ as the average
infectious period (in days), I,A = Zs it I,. Thus, the average contacts
of an individual with the infectious people at time ¢ is C,I!/N.

We now assume P, to be the probability that a single contact with
infectious people leads to successful infection and S, to be the number
of susceptible individuals at time 7. Then the number of new infections

A

at time ¢ is C,#P,S,. Also, since the effective reproduction number

is R,, the number of new infections generated by a single infectious
individual at time ¢ is R,/{. On average, the total new cases generated
by all infectious people I/ at time ¢ is R,I*/¢. Thus we have

1A
Cr#Per = RtI,A/C
= P =RN/CCS),

which gives the probability of infection at a single contact with an
infectious person. Then, (1 — P,) represents the probability that a single
contact with infectious people does not result in a successful infection.
There are C,I*/N contacts of an individual with infectious people at
time ¢. Then, the probability that non of these contacts with infectious
people results in a successful infection is (1 — P,)C'IrA /N Thus, the
probability of infections (i.e., the risk of infection at time ¢) is

1— (1= p)GIN,

The computations of the risk of infection were carried out in MATLAB
2021a (The MathWorks, Inc.).

2.4. Estimation of risk of hospitalization

We considered time-to-hospitalization a random variable because it
is randomly influenced by various factors, such as the severity of illness,
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access to healthcare, demographic factors, the geographic variation that
are subject to variation and uncertainty. These factors can differ both
across individuals and geographic regions, resulting in heterogeneity
in the distribution of time-to-hospitalization. We assume g, to be the
probability distribution of the time-to-hospitalization after becoming
infected at time h and H, to be the risk of hospitalization at time
t of an infection. Therefore, the number of new hospitalized cases at
time ¢ is H, Z;zl I,_pgy = M, A, where A, =¥, | I,_,g,. Denoting v as
the average duration of the stay at the hospital, the number of active
hospitalized cases at time 7 is
1
M, ;.

Jj=t=v+1

We assumed that the active hospitalization cases follow the Poisson
process. Then the likelihood of active hospitalized cases H, with given
hospitalization rate H,, incidences I, I}, I,, ..., I,, and distribution g,

is:
, H - Z H; A,
Z Hj/lj e Jj=t—v+1

Jj=t—v+l1

P(H |1y, 1y, 1y, ..., 1,85, H,) =

H,!
Using a Bayesian framework with a Gamma distributed prior with

parameters (0, ¢) for H,, i.e., H, ~ Gamma(6, ¢), the posterior joint
distribution of H, is

P(H,|1y, 1, 1,,...,1,,H,,8)
53 P(Ht|10y113127--- ,I,,gh,H,) P(Hy)

1
meo- Y M
e Jj=t—v+1
HO! e_
H,! T T O)¢°
Since the stay in hospital is shorter than the surge period, we assumed
that A, is constant for the time period 7 — v to 7. Then we obtained

(30

Jj=t=v+l1

H
¢

P(Htll()’II’IZ’ 7It—w}II’gh)
t

' H -H, A
; H
HH;< Z i/) e j=t—v+1 __l‘
t
Jj=t—v+1 H,g_le ¢

H,! )y’
' 1 H;
H:< 2 ’11+1/¢) ( z Ai)
Hth+H_l e Jj=t—v+1 j=t—v}+11y .
!

Note that we used the Gamma distributed prior conjugate to the Poisson
likelihood. From the expression above, the posterior distribution of
H,, given the new cases and active hospitalized cases, conditional on
the post-infection hospitalization timing distribution g,, is a Gamma
distribution with parameters

o+H, — 1 |

t
é + A
Jj=t=v+1

We obtained a sample of a certain size (m) drawn from this posterior
distribution of M, given new cases and active hospitalized data from
which the posterior mean and 95% Credible Interval (CrI) of H, were
computed. Since the exact time of infection is not observable and
people only admit to the hospital if they feel some complications,
the time between the infection and hospitalization cannot be precisely
measured. For our simulation, we considered a gamma-distributed
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duration between infection and hospital admission, with a mean of 3
days and a standard deviation of 2 days.

The computations of the risk of hospitalization were carried out in
MATLAB 2021a (The MathWorks, Inc.).

2.5. Impact of non-pharmaceutical interventions (NPIs)

To model different levels of control interventions, we applied cor-
responding percentage reductions in average contact rates, e.g., a 70%
control intervention would result in a 70% reduction in contact rates.
As the Nepal Government implemented a significant level of lockdown
during the Delta wave, we considered the 70% control intervention as
the base case. During the Omicron wave, only primary and secondary
schools were closed for a short period (from 11 January to 29 January
2022) (Kathmandu Post, 2022), which we did not expect to have a
significant impact, so we assumed a 0% control intervention for the
Omicron wave.

In our modeling, the overall impact of NPIs was represented by the
reduction of contact rate, which we considered to be 0%, 40%, and
70% for simulations with different levels of control interventions. For
the impact of NPIs in age groups (schools, colleges, and working), we
reduced the contact rate of the respective age group by 70% while
keeping the contact rates of other groups unchanged and calculated the
corresponding average contact rates. With these assumptions and based
on the previous study (Prem et al., 2017), we estimated the contact
rates of 13.79 for the closure of schools and colleges, 14.65 for the
closure of working places, and 5.79 for the lockdown.

3. Results
3.1. Reproduction number

As menionted earlier, the reproduction number indicates the trend
of disease spread throughout the population (Dharmaratne et al., 2020).
Specifically, if it is more than 1, the disease spread has an increasing
trend, and if it is less than 1, the spread has a decreasing trend (van
den Driessche and Watmough, 2002).

In Fig. 2 (left column), we present our estimates of the effective
reproduction number in Nepal and its provinces from 21 April to
31 December 2021 (the Delta wave). The reproduction number was
higher than the threshold value one at the beginning of April 2021.
Except for Gandaki province, the reproduction number in Nepal and
all of its provinces exceeded two and peaked in the middle of April
2021 (Nepal: 2.20, 95% CrlI [2.166, 2.23], Province 1: 2.18, 95%
Crl [2.04, 2.32], Madhesh: 2.61, 95% CrI [2.12, 3.14], Bagmati: 2.28,
95% Crl [2.23, 2.33], Gandaki: 1.84, 95% CrI [1.79, 1.89], Lumbini:
2.29, 95% Crl [2.28, 2.30], Karnali: 2.44, 95% CrI [1.68, 3.32], and
Sudur Paschim: 2.63, 95% Crl [2.38, 2.89]). These early R, values
indicate that at the beginning of the Delta wave, the infections were
rapidly spreading across the country in a short period of time. The
reproduction rate in Nepal and its provinces began to fall below the
threshold value one after the middle of May 2021 (Nepal: May 17,
Province 1, Bagmati, and Gandaki: May 16; Madhesh: May 25; Lumbini:
May 14; Karnali: May 24; Sudur Paschim: May 14 2021). Madhesh, Kar-
nali, and Sudur Paschim provinces, where fewer cases were reported,
showed greater fluctuations in the temporal pattern of the effective
reproduction number.

The first incidence of Omicron in Nepal was detected on 6 December
2021 (Poudel, 2021). After the first week of January 2022, cases surged
and spread rapidly. On January 23 2022, 80% of new cases were
Omicron (Poudel, 2022). So, we estimate the effective reproduction
number from 1 January to 31 April 2022 to characterize the period
of the Omicron surge (Fig. 2, right column). The reproduction number
in Nepal and all provinces were at the threshold level (R, = 1) in
December 2021 during the Delta wave (Fig. 2, left column). After that,
it rose quickly, peaking around the middle of January (Nepal: 2.17,
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Fig. 2. The time-dependent effective reproduction number of COVID-19 in Nepal and its seven provinces during the Delta (Left column) and Omicron (Right column) waves. The
gray-shaded region is the 95% credible interval for R,. The horizontal red dashed line indicates the threshold value R, = 1. The left column is the effective reproduction number

during the Delta wave, and the right column is for the Omicron wave.

95% Crl [2.14, 2.21]; Province 1: 2.26, 95% CrI [2.15, 2.38]; Madhesh:
2.38, 95% Crl [2.21, 2.56]; Bagmati: 2.16, 95% CrI [2.13, 2.19];
Gandaki: 2.24, 95% Crl [2.130, 2.34]; Lumbini: 2.43, 95% CrI [2.27,
2.60]; Karnali: 2.52, 95% CrI [2.12, 2.96]; and Sudur Paschim: 2.85,
95% Crl [2.47, 3.25]), before rapidly dropping below the threshold
value of one from the last week of January 2022 for the rest of the
year. We observed that the reproduction number remained greater than
one for about a month (1st to last week of January 2022) during the
Omicron surge. In certain provinces (Madhesh, Lumbini, Karnali, and
Sudur Paschim), we noticed a wider range of credible intervals for the
estimated R, at the end of April 2022. This increased variability may
be due to the fact that there were fewer reported new cases, with more
fluctuations. The results shown in Fig. 2 reveal that the reproduction
numbers related to the Omicron and Delta variants are not considerably
different even though quite different COVID-19 cases were reported in
Nepal and all its provinces.

3.2. Risk of infection
The timely estimation of the risk of infection is essential to track

the dynamics of the diseases and valuable to determine the need for
amplification or the relaxation of public health control measures. We

used our model to compare the risk of infection of COVID-19 during
Delta and Omicron surges in Nepal and its provinces. The estimated
maximum risk of infection of Delta surge in Nepal and its provinces is
shown in Table 2. The temporal pattern of the risk of infection during
the Delta and Omicron surges is shown in Fig. 3.

The risk of infection during the Delta wave increased sharply from
mid-April 2021 and peaked in the second week of May 2021 in Nepal
(Fig. 3, left column). The Bagmati province, which contains Nepal’s
most densely populated capital city, had the peak risk for infection
two weeks sooner than the other provinces (first week of May 2021).
Our estimates showed that Bagmati province was the highest risk
zone (98.94, 95% Crl [32.99, 181.31] per hundred thousand), while
Madhesh province remained the lowest risk zone (12.16, 95% CrI [4.05,
22.29] per hundred thousand) (Table 2). Interestingly, despite being
the most densely populated province (600 people/km?) (Central Bureau
of Statistics (CBS), 2022) and having a larger R, value, the Madhesh
province had a lower risk of infection compared to other regions.

We also estimated the risk of COVID-19 infection during the Omi-
cron wave (1 January to 31 March 2022). The temporal pattern of the
risk of infection during the Omicron surge is shown in Fig. 3 (right
column), and the estimated risk is shown in Table 2. Starting from a
minimal risk at the beginning of January 2022, the risk of infection
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Fig. 3. Risk of infection (per thousand hundred) due to Delta and Omicron variants of Nepal and its seven provinces. The first column is the risk of infection during the Delta
wave, and the second column is the risk of infection during the Omicron wave. The scaling on the y-axis differs depending on the province and wave.

Table 2
The maximum risk of infection and time of highest risk of COVID-19 during Delta and
Omicron variant of Nepal and its seven provinces.

Risk of infection of Delta variant

Regions Risk of infection 95% Crl Time of highest risk
(per 100000)

Nepal 42.19 [14.06, 77.33] 11 May, 2021
Province 1 27.49 [9.16, 50.40] 23 May, 2021
Madhesh 12.16 [4.05, 22.29] 19 May, 2021
Bagmati 98.94 [32.99, 181.31] 7 May, 2021
Gandaki 44.53 [14.84, 81.62] 26 May, 2021
Lumbini 42.89 [14.30, 78.63] 8 May, 2021
Karnali 31.16 [10.39, 57.13] 14 May, 2021
Sudur Paschim 33.26 [11.08, 60.97] 17 May, 2021

Risk of infection of Omicron variant

Nepal 30.42 [17.61 46.43] 30 Jan, 2022
Province 1 16.30 [9.87, 24.03] 31 Jan, 2022
Madhesh 5.01 [2.63, 7.65] 1 Feb, 2022

Bagmati 89.62 [56.61, 132.05] 30 Jan, 2022
Gandaki 21.35 [13.48, 31.47] 1 Feb, 2022

Lumbini 8.46 [4.90, 12.47] 31 Jan, 2022
Karnali 3.00 [1.74, 4.43] 31 Jan, 2022
Sudur Paschim 8.03 [4.64, 11.83] 27 Jan, 2022

reached the highest level among provinces in a short period of time (3
weeks) around the fourth week of January 2022. During this time, we
observed a considerable disparity in maximum risk of infection across
Nepal and its provinces, ranging from 3.00, 95% CrI [1.74, 4.43] per
hundred thousand in Karnali to 89.62, 95% Crl [56.61, 132.05] per
hundred thousand in Bagmati. Furthermore, during the Delta surge,

Madhesh province had a low (5.01, 95% CrI[2.63, 7.65] per hundred
thousand) risk of infection at the peak time of the Omicron surge.
The higher uncertainty, i.e., a larger width of credible intervals, for
estimates may attribute to the fluctuation of the data set of new cases.
The fluctuation of daily new cases may be due to the poor recording of
daily testing and detected positive cases.

We found a considerable difference in the patterns of risk of infec-
tion between the two waves of COVID-19 in Nepal. The risk of infection
during the Delta wave was abruptly increased, and with a complete
lockdown, it took about one month to decline, but in the Omicron wave,
it climbed and fell quickly without lockdown. Furthermore, during the
Delta surge, the maximum risk of infection was slightly higher than
the Omicron surge in Nepal (38.69%) and Bagmati province (10%) but
significantly higher in Gandaki (108.57%), Lumbini (407%), Karnali
(938.66%), and Sudur Paschim (314%) than that of the Omicron surge.
The Bagmati province was the most vulnerable to both Delta and
Omicron surges, while the rest of the provinces were more vulnerable
to the Delta surge than the Omicron surge.

3.3. Risk of hospitalization

We calculated the risk of hospitalization using our model to the
available data on active hospitalizations with COVID-19 in Nepal and
its provinces. The results shown in Fig. 4 (left column) illustrate the
risk that COVID-19 patients are admitted to hospitals in Nepal and its
provinces during the Delta surge (1 May to 31 December 2021).

In Nepal, the risk of hospitalization of the Delta variant remains
at 10% on average (min 7%, max 20%), and Province 1 shows a risk
of hospitalization of 11% (min 6%, max 22%). Madhesh province had
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Fig. 4. Risk of hospitalization during Delta and Omicron wave in Nepal and its provinces. The left column is the risk of hospitalization during the Delta wave, and the right
column is the risk of hospitalization during the Omicron wave. The scaling on the y-axis differs depending on the province and the wave.

the lowest risk of hospitalization at 6% (min 5%, max 14%). Although
many actual hospitalization cases are in the Bagmati province, the
risk of hospitalization is 11% (min 10%, max 15%), similar to other
regions. Besides the Madhesh province, Gandaki province also has a
lower risk of hospitalization of 9.5% (min 5%, max 18%). The risk of
hospitalization in both Lumbini and Karnali provinces is high [Lumbini:
19% (min 7%, max 38%); Karnali: 14% (min 3%, max 42%)]. In
Sudur Paschim, the risk of hospitalization was initially high (68%) but
later on around 21% (min 6%, max 43%). The initial higher risk of
hospitalization in Sudur Paschim could be due to the high volume of
returnees migrant workers from India.

The Omicron surge had substantially lower hospitalization rates
than the Delta surge. The results in Fig. 4 (right column) show that the
risk of hospitalization was 2.5% during the peak time of the Omicron
wave in Nepal. At the end of March 2022, the hospitalization rate was
again raised in Nepal as well as in Bagmati province. Sudur Paschim
province had an extremely high risk of hospitalization during the mid
of January, which could be due to the inclusion of the institutional
isolation of returnee migrant workers in the data. Our estimates show
that compared to the Delta wave (Fig. 4, left column), the hospital-
ization risk in Nepal and its provinces is significantly lower during
the Omicron wave (Fig. 4, right column), falling to even less than 1%
in some provinces (Nepal: 1.8%, 95% Crl [1.7%, 1.9%], Province 1:
1.2%, 95% CrI [1%, 1.5%], Madhesh: 0.38%, 95% CrI [0.17%, 0.7%],
Bagmati: 2%, 95% CrI [1.9%, 2.1%], Gandaki: 1.3%, 95% Crl [0.97%,
1.75%], Lumbini: 1.3%, 95% CrI [0.29% 4.29%], Karnali: 0.6%, 95%
CrI [0.022%, 3.18%], Sudur Paschim: 2.9%, 95% CrI [0.92%, 7.15%]).
At the end of March 2022, the risk of hospitalization increased in Nepal
and Bagmati province.

3.4. Impact of Non Pharmaceutical Interventions (NPIs) on reducing the
risk of COVID-19 infection

NPIs are known to play an important role in the mitigation of
COVID-19. In general, restricting of mobility through NPIs, such as
lockdown, reduces the contact rate, thereby reducing the risk of in-
fection. Here, we used our model to quantify the impact of NPIs
implemented by the Government of Nepal on reducing the risk of
COVID-19. In Fig. 5, we present the maximum risk of infection during
the Delta wave with different control levels. In Bagmati province
(the province with the highest risk), the maximum risk would have
increased by 216.32% if the lockdown was not implemented during
the Delta surge. Similarly, Madhesh province (a province with the
lowest risk) would have increased by 216.61% if the lockdown was not
implemented.

The results in Fig. 6 show the trend of risk of infection during the
Delta wave under different control levels. Our model estimates that
if the lockdown had not been implemented during the Delta surge in
Nepal, there would have been three times more new infections (Fig. 6).
We also observed a similar impact of control strategies on the trend of
risk of infection during the Omicron wave as in the Delta wave. For
example, the risk of infection is reduced by about two-thirds due to the
reduction of contact rate by 70% (Nepal: 30.42, 95% CrI [17.61, 46.43]
t0 9.6, 95% CrI [1.60, 17.61], Province 1: 16.30, 95% CrI [9.87, 24.03]
to 5.15, 95% Crl [1.71, 9.44] per hundred thousand).

We also estimated the risk of infection under the closure of school/
colleges and working places only during the Delta and Omicron waves
(Fig. 7). We observed that closing schools and colleges (i.e., restriction
of mobility of school/college age groups) and workplaces (i.e., restric-
tion of mobility of the adult groups of age 25-59) can reduce the
risk of infection by 26.30% while a complete lockdown reduces the
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risk of infections by 68.42% (during the Delta, none: 133.54, 95%
Crl [77.33, 196.74], school/college closed: 98.42, 95% Crl [49.22
147.59], working place closed: 98.42, 95% CrlI [56.25, 154.61], lock-
down: 42.17, 95% Crl [14.06, 77.33]; during the Omicron wave, none:
30.42, 95% CrI [17.61, 46.43], schools/colleges closed: 22.41, 95% Crl
[11.21, 33.62], working places closed: 22.42, 95% Crl [12.81, 36.82],
lockdown: 8.00, 95% Crl [1.60, 17.61] per hundred thousand).

4. Discussion

The timely assessment of the epidemic trend and its potential bur-
den is essential to minimize the epidemic disaster and manage the
healthcare facilities. In order to allocate resources and design health
policies during the early stages of a pandemic, it is necessary to esti-
mate the risk of infection and risk of hospitalization. Generally, the risk
of hospitalization remains the same throughout the transmission period
for the same kind of strain. However, the pattern of hospitalization may
vary depending on the geographic region, cultural background, level of
education, way of life, access to medical services, and population group
among which the disease is circulating (Jackson et al., 2021; Athavale
et al.,, 2021). Even when more infections result in more patients being
admitted to hospitals, the risk of hospitalization may not be constant
over time.

The effective reproduction number is widely used to track the
transmission rate during epidemics. However, due to variations in the

size of the susceptible population, the number of actively infected
individuals, and the population’s pattern of contact, two regions with
the same effective reproduction number may have different levels of
vulnerability (risk) throughout the pandemic. To track the trend of
an epidemic more precisely by including the most vital factors of
disease transmission, we developed data-driven mathematical models
which provide a timely estimation of the risk of infection and the
risk of hospitalization during a pandemic. Our mathematical model of
risk of infection considers the susceptible population, active infectious
population, and contact pattern of the people in addition to the ef-
fective reproduction number. Similarly, our hospitalization risk model
uniquely utilizes active hospitalized cases to describe the temporal
pattern of hospitalization trends. We implemented our models to the
unique data sets of new COVID-19 cases and hospitalized cases in Nepal
and its provinces. Furthermore, our models also allow us to determine
how the implemented control strategies could effectively control the
disease.

The seven provinces of Nepal have a range of population con-
tact patterns due to their diverse geographic locations, distinctive
lifestyles, cultural traditions, economic conditions, and level of urban-
ization (Pantha et al., 2021). The recorded COVID-19 cases also varied
throughout provinces (MoHP, 2022). Despite huge discrepancies among
provinces, the reproduction numbers of COVID-19 of the Delta and
Omicron waves across Nepal and its provinces are not considerably
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different (Fig. 2), indicating that reproduction numbers alone may not
fully capture the disease trend. A noticeable difference in reproduction
number between the Delta and Omicron surges regarding the non-
pharmaceutical interventions is that the total lockdown was needed to
be implemented during the Delta wave, while during Omicron wave,
partial closure of schools and colleges were enough for the reproduction
number to fall below the threshold value one. In some provinces
(Madhesh, Lumbini, Karnali, and Sudur Paschim), we noticed a wider
range of credible intervals for the estimated R, at the end of March
2022. This increased variability may be due to the fact that there were
fewer reported new cases, with more fluctuations.

The risk of infection varies widely among provinces in both the
Delta and Omicron waves despite the similar reproduction number. The
ability of our model to capture the discrepancies among the provinces
highlights the risk of infection as a critical indicator of the disease
trend. Our results show a similar risk of infection in Nepal and in
Bagmati province during the Delta and Omicron surges. However, in
the case of other provinces, the risk of infection is less during the
Omicron surge than during the Delta surge. Less risk of the Omicron
is in contrast to what has been observed in other regions of the world,
where the Omicron wave had a higher risk of infection than the Delta
wave (Liu and Rocklov, 2022; Du et al., 2022; Ito et al., 2022). Note
that 36% of Nepalese people were fully vaccinated, and 49% were
vaccinated with at least one dose by 4 January 2022 (Ritchie et al.,
2020). Because of the low severity of the Omicron variant (Bhatia and
Klausner, 2020; Wan et al., 2020), and the high coverage of vaccines,
there were presumably fewer reported cases during the Omicron surge,
which could be attributed to the low risk of infection as estimated by
our model. During the Delta wave, infection risk rapidly increased and
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declined slowly. In contrast, during the Omicron wave, it rose and fell
quickly, which may be due to the burnout of the susceptible population
during previous waves or vaccinations, resulting in a faster climb and
decline of cases compared to the Delta wave.

A substantial strength of our models also lies in their ability to
describe the discrepancies among provinces in the pattern of the risk
of hospitalization. We observed these discrepancies throughout Nepal
and its provinces (for example, 6% in Madhesh province and 21% in
Sudur Paschim) during the Delta surge (Fig. 4). The disparities in the
risk of hospitalization reflect the unequal distribution of healthcare
facilities and the different living standards of the people in different
provinces (Cao et al., 2021; Saito et al., 2016). For example, Madhesh
province shares the border with Province 1, which has relatively better
and larger hospitals. Therefore, many people from Madhesh province
go to the hospitals of Province 1, causing a higher hospitalization rate
in Province 1 than in Madhesh province. Bagmati province contains
Kathmandu, the capital city, and other major cities such as Lalitpur,
Bhaktapur, Bharatpur, Hetauda, and Dhulikhel, comprising the ma-
jor hospitals of Nepal. Among the reported hospitalized cases ~48%,
were in this province (MoHP, 2022), which may have included the
hospitalization of people from other provinces as well.

Despite the fewer number of new cases and hospitalized cases, the
rate of hospitalization in Karnali and Sudur Paschim was estimated
to be high. Madhesh province, on the other hand, has a low risk of
hospitalization and low reported new cases. Our model estimates a
four times higher risk of hospitalization during the Delta surge than
the Omicron surge in Nepal and most provinces (Fig. 4), consistent
with the higher hospitalization during the Delta surge found in other
studies (Bhatia and Klausner, 2020; Wan et al., 2020; Centre for Disease
Control and Prevention (CDC), 2022). The unusual risk of hospitaliza-
tion seen in the Sudur Paschim is likely due to the data set. For example,
on 1st January 2022, there were four new cases while seven persons
were in hospital. From 1st to 12th January 2022, only 330 new cases
were reported, but 395 active hospitalized cases were reported on 12th
January, indicating more than 100% risk of hospitalization, as revealed
in the model prediction. The higher active hospitalized cases of Sudur
Paschim, compared to the new cases, could be due to the inclusion of
the institutional isolation of returnee migrant workers in the data of
active hospitalized cases.

We also used our model to evaluate the effectiveness of control
strategies in suppressing infection rates. For the purpose of demonstra-
tion, we assumed different levels of control interventions (0%, 40%,
and 70% reduction in contact rates) and estimated the corresponding
risk of infection during the Delta surge (Figs. 5 & 6). Our results
indicate that the risk of infection of COVID-19 would have been three
times more if there were no lockdown (i.e., a lack of 70% reduction
in contact) during the Delta surge. We also found that school/college
closures have a greater impact on the reduction of risk of infection
(Fig. 7), supporting the Nepal government’s strategy of closing schools
and colleges first during the peak of the Omicron surge (Kathmandu
Post, 2022). Our model supports that the effectiveness of the control
strategy is linearly translated to the risk of infection (Fig. 5). Other
studies (Tian et al., 2020; Kraemer et al., 2020; Ferguson et al., 2020;
Adhikari et al., 2021) have also reported that travel restrictions and
non-pharmaceutical interventions have major impacts on the control
of COVID-19 surges.

We acknowledge some limitations of our study. Although the
population has a varied mixture pattern, we consider a homogeneous
mixture in our model for estimating the risk of hospitalization so that
every infected person has an equal probability of hospitalization. There
are some uncertainties in the data used to compute the risk of infec-
tion and hospitalization. Underestimation and temporal inaccuracy
(time lag between the time of infection/hospitalization and observation
(record)) of the data also are two major factors that reduce the quality
of the data we used. The better quality of data enhances the accuracy of
the results of this study. Our model also does not consider the temporal
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variation in under-reporting, which might otherwise be interpreted as
a variation in the risk of infection. Reported COVID-19 cases include
only those individuals who were tested and confirmed to be positive.

Several studies (Adhikari et al., 2021; Pullano et al., 2021; Adhikari
et al., 2022; Saito et al., 2021) have found asymptomatic or undiag-
nosed COVID-19-infected individuals who can significantly spread the
virus. The detection of COVID-19 cases in Nepal is low (Adhikari et al.,
2022), implying that the actual risk of infection might be quantitatively
different from our estimations. A Hidden Markov Model (HMM) could
be an extension of our model to account for the imperfect observation
process of undiagnosed cases. Hospital admission is nonspecific because
it does not necessarily specify the reason and might cover a wide range
of severity. Individuals infected with SARS-COV-2 may be hospitalized,
but not necessarily as a result of COVID-19. A study (Clark et al.,,
2020) estimated that 17 billion (UI 10-24) individuals, or 22% (UI 15—
28) of the world’s population, have at least one underlying condition
that increases their chance of developing severe COVID-19 if they
become infected (range from 5% of those younger than 20 years to
> 66% of those who are 70 years or older). Also, a study (Bastola
et al., 2021) shows that among the COVID-19 patients hospitalized
in Sukraraj Tropical and Infectious Disease Hospital of Nepal from
January 2020 to January 2021, 64% had two or more comorbidities.
Identifying an accurate number of hospitalized cases due to COVID-19
is necessary to accurately estimate the risk of hospitalization. Due to
the unavailability of data regarding the number of new cases caused
by the Delta and Omicron variants in mixed disease dynamics, we did
not consider the mixed diseases model.

In summary, we developed data-driven mathematical models to
estimate the risk of infection and the risk of hospitalization during the
pandemic. As demonstrated by the applications of these models to a
unique data set of Nepal and its provinces, the risk of infection and
hospitalization can capture critical features of epidemic trends. Our
model can also be used in other places and for outbreaks of other
infectious diseases. Real-time quantification of the risk of infection
and hospitalization is essential to develop ideal policy guidelines and
appropriate control strategies for bringing society out of the devastating
pandemic.
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