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ABSTRACT 

Background: In the last two decades, the world has seen several viral outbreaks, 

notably the H1N1 in 2009 and Nipah virus in 2018. The COVID-19 pandemic, 

declared by WHO in early 2020, presented unprecedented challenges due to its high 

contagion and potential for asymptomatic spread. Early data often underestimated the 

pandemic's extent, emphasizing the need for comprehensive health crisis 

management. Statistical models have been crucial in understanding and responding to 

COVID-19, from tracing its origins in Wuhan, China, to its global spread. These 

models have informed public health strategies, adapting to regional differences in the 

pandemic's impact.  

The significance of this study lies in using statistical models to estimate and 

monitor COVID-19, aiding policymakers and healthcare professionals. It sheds light 

on the virus's transmission and future trends, guiding targeted actions and 

preparedness for future pandemics. The research underscores the importance of 

current data over historical records, considering behavioural changes, new virus 

strains, and varying testing/reporting methods. 

Objectives: The objectives of this study are to establish a model for the COVID-19 

pandemic and provide effective methods, enabling planners and healthcare providers 

to take appropriate actions for the management, containment, and control of the 

pandemic. 

Materials and Methods:  A comprehensive and data-driven approach is employed to 

unravel the intricate dynamics of the COVID-19 pandemic. The methodology 

incorporates a variety of tools and techniques designed to capture the multifaceted 
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aspects of the virus's spread and impact. The initial phase involves an extensive data 

collection process, drawing from diverse sources, including open-source COVID-19 

databases and supplementary data repositories, ensuring the acquisition of a broad and 

inclusive dataset that forms the foundation for subsequent analyses. Following data 

collection, a meticulous data curation process is undertaken, incorporating pre-

processing, reconciliation, and fusion techniques to enhance the quality and reliability 

of the gathered data, ensuring the dataset is robust and reflective of the real-world 

scenario. 

The analytical methods include fundamental techniques such as clustering, 

real-time surveillance, and time-series theory, providing a solid framework for 

understanding the patterns and trends in the progression of the pandemic, offering 

insights that inform subsequent decision-making. To monitor and evaluate the 

evolving situation, techniques like SWOT analysis, consolidated time-series analysis, 

and model selection criteria are employed. These monitoring techniques contribute to 

a holistic assessment of the pandemic dynamics, allowing for a nuanced 

understanding of its various facets. The modelling approaches adopted in this study 

include Susceptible-Infectious-Recovered (SIR) and exponential growth models, 

serving as essential tools for estimation and prediction. This integration enhances the 

study's predictive capabilities and supports evidence-based decision-making.  

Result: The research provides a multi-faceted analysis of the COVID-19 pandemic 

focusing in India, employing time-series analysis and growth models such as 

Exponential, Logistic, Gompertz, and Bertalanffy to predict the virus's overall spread. 

The basic reproduction number (  ) in the entire country is estimated to be 1.01 and 

1.11 days for SIR and SIRD models, respectively, within the initial 120 days of the 
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pandemic, indicating that these models are best suited for prediction in the early phase 

of the outbreak. 

The effectiveness of lockdown measures is evaluated through trends across 

different Indian states, with time-series analysis and hierarchical clustering tools. The 

average recovery time from COVID-19 varied across Indian states, with most states 

falling between 5 to 36 days, except Madhya Pradesh. The study also notes a lack of 

significant correlation in the virus spread patterns between different countries and 

discusses spatial epidemiology and forecasting. 

This comprehensive assessment indicates the interplay between health, 

environmental, and socioeconomic factors in managing the pandemic. The lockdown 

led to a 37% reduction in air pollutants, showcasing a significant environmental 

impact. The analysis of COVID-19 data for states like Tamil Nadu and Maharashtra 

reveals distinct patterns in the active cases and forecasting models. In Tamil Nadu, a 

model of (0,2,1) is identified based on autocorrelation and partial autocorrelation 

functions, with residuals demonstrating no significant correlation and passing 

normality tests. In-sample forecasting using this model indicates reasonably accurate 

predictions for a few upcoming days. Similarly, Maharashtra's analysis employs an 

ARIMA (2,2,0) model, showing uncorrelated residuals and passing normality tests. 

Forecasting active cases in Maharashtra using this model suggests a high degree of 

accuracy for the specified period.  

The study further explores the demand and capacity of hospital infrastructure 

in these states, indicating potential challenges in managing ICU, ventilator, and bed 

capacities. Additionally, a social impact assessment reveals a high level of awareness 

about precautionary measures, with a notable psychological impact on the population. 
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The association between demographic variables and psychological impact, anxiety, 

stress, and depression is explored, providing insights into the diverse social and 

psychological effects of the pandemic. The lockdown also resulted in increased stress 

levels among individuals with lower monthly family incomes, and the sources from 

which people obtained information about the COVID-19 outbreak significantly 

influenced the rise in stress levels during the pandemic. 

Conclusion: Different statistical models were fitted, and the models for indenting the 

average recovery rates of the COVID-19 patients found that Tamil Nadu was the best 

fit with an    value of 0.96, and Mizoram was identified to have the least fit with an 

   value of 0.58. At the same time, Manipur was identified to have the least average 

recovery duration with 4.94 days and the highest in Madhya Pradesh with 68 days. 

The first and second COVID-19 wave in India had different characteristics. The 

second phase had almost five times more when compared with the first. As of May, 

2021, the resurgent wave of COVID-19 in India has been spreading to rural 

populations. Yet in the present moment, India confronts an urgent need to save lives 

and alleviate suffering. 

Keywords: COVID-19 pandemic, Statistical models, Estimation, Monitoring, 

Making Decision 
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CHAPTER 1: INTRODUCTION 

1.1 Background 

1.1.1. COVID-19: Origin and Spread 

1.1.1.1. Origin of COVID-19 

The World Health Organisation (WHO) on December 31, 2019, received a press 

release from the official website of the Wuhan Municipal Health Commission, 

confirming the existence of a group of flu cases in Wuhan, People's Republic of 

China.
1
 These cases exhibited symptoms similar to those of 'viral pneumonia'.

2
 

However, at that time, the global community was unaware that these initial cases were 

connected to the COVID-19 infection, as seen in the accompanying image.
3
 This virus 

would soon cause widespread devastation, significantly impacting and disrupting the 

lives of people worldwide.
4
 The emergence of COVID-19 led nations to implement 

various forms of lockdowns and restrictions, resulting in a substantial alteration of 

daily routines, economies, and societal norms. The consequences of this pandemic 

have been substantial and long-lasting, fundamentally changing how people live, 

work, and interact with one another.
5 

SARS-CoV-2, the virus responsible for causing COVID-19, was named after 

the virus, SARS-CoV-1, which caused a severe outbreak in 2002-2003, known as 

severe acute respiratory syndrome (SARS).
6
 Viruses are intriguing entities; they are 

not classified as living organisms, yet they possess genetic material that enables them 

to take control of the cellular machinery of host cells and reproduce themselves. This 

ability allows viruses to generate multiple copies of their genetic material, facilitating 

the spread of infection.
7
 The term "host-switching" describes a phenomenon in which 

a disease is transmitted between different species, often involving a vertebrate and an 
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insect.
8
 Many infectious diseases, both viral and non-viral, that have affected humans 

over centuries, originated from animal-to-human transmissions. The study of animal 

viruses found in humans provides valuable insights into comprehending the factors 

and mechanisms that drive host-switching events.
9 

The phenomenon of viruses transitioning from animals to humans, known as 

zoonotic transmission, is widely recognized with the influenza virus serving as a 

prominent illustration. Influenza viruses affect humans, encompassing both pandemic 

and seasonal strains, which are traced back to enzootic viruses naturally found in wild 

waterfowl and shorebirds.
10

 These avian viruses typically coexist benignly with their 

avian hosts, causing no severe illnesses. Nevertheless, under specific conditions, they 

undergo genetic alterations that enable them to traverse species boundaries and infect 

mammals, including humans.
11

 Coronaviruses, another category of RNA viruses, 

usually induce mild upper respiratory tract infections in humans. The historical 

origins of these viruses continue to be a subject of ongoing investigation. 

Nevertheless, it is postulated that coronaviruses have coevolved alongside humans 

and may have conferred certain benefits to our immune systems.
12 

The virus responsible for the COVID-19 global outbreak, SARS-CoV-2, has 

been identified as the third bat-borne virus associated with the emergence of a human 

disease, demonstrating the significance of zoonotic events in public health. This virus 

is believed to have its origin in bats, where it circulates naturally without causing 

severe illness.
13

 However, through a process of zoonotic transmission, it was 

introduced to humans, precipitating a global pandemic that has had profound 

consequences on societies and individuals worldwide.
14

 The exploration of zoonotic 

viruses, exemplified by SARS-CoV-2, holds paramount importance as it allows for 
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the elucidation of the mechanisms involved in the spillover from animal reservoirs to 

the human population.
15

 By acquiring a deeper understanding of the factors 

facilitating cross-species transmission, the scientific community enhances 

preparedness and response measures for future outbreaks. This knowledge empowers 

researchers to develop strategies aimed at averting and mitigating the impact of 

emerging infectious diseases on a global scale.
16 

In the year 2016, a novel epizootic ailment affecting swine populations in China 

was determined to be the result of a coronavirus. Subsequently, in late November 

2019, the emergence of SARS-CoV-2, the virus responsible for the COVID-19 

pandemic, was confirmed.
17

 Bats, more prominently than other mammals, are 

recognised as a natural reservoir for coronaviruses.
18

 A comprehensive research 

endeavour encompassing the investigation of over 19,000 animals across 20 countries 

revealed that an overwhelming 98% of coronavirus cases were associated with bats. 

Both SARS-CoV-2 and its predecessor, SARS-CoV-1, trace their origins to rhinophid 

viruses existing in the natural environment.
19

 Researchers have undertaken mapping 

initiatives aimed at identifying global hotspots where novel infections could 

potentially manifest, with a specific emphasis on regions situated in southern and 

southwestern China.
20 

Upon scrutinising the genetic makeup of coronaviruses, scientists made a 

noteworthy discovery: the genome of one of these viruses exhibits an astonishing 96% 

similarity to SARS-CoV-2. Notably, distinctive features such as the furin cleavage 

site insertion and a genetic resemblance exceeding 97% in the lab replicase gene have 

been identified between these two viruses. These results offer important perspectives 

on the evolutionary lineage and potential origins of SARS-CoV-2, underscoring the 
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critical importance of comprehending the dynamics of zoonotic transmission in the 

context of managing and pre-empting future infectious disease outbreaks.
21

 The 

ongoing pursuit of research in this domain holds the promise of fortifying 

preparedness measures and bolstering public health responses when confronting 

emerging viral threats. 

A "hotspot" for bat coronaviruses refers to a specific region in south and 

southwest China, which has been identified as an area with a high prevalence of these 

viruses.
22

 Coronaviruses have been known to utilise human receptors for angiotensin-

converting enzyme 2 (ACE2) as targets, making them capable of causing pandemics 

in humans.
23

 Initial investigations have revealed the potential of certain coronaviruses 

to spread widely among human populations.
24

 Distinct genetic fingerprints have been 

observed in SARS-CoV-2, the virus responsible for COVID-19, which set it apart 

from previous coronavirus engineering attempts or "forward engineered" sequences 

derived from closely related sarbecoviruses.
25

 The unique genetic makeup of SARS-

CoV-2 indicates that it is not a product of known coronavirus manipulation efforts. 

These results underscore the necessity for additional studies to comprehend the 

genesis and spread patterns of SARS-CoV-2.
26

 The absence of direct evidence for 

laboratory engineering or manipulation indicates that the virus likely emerged 

naturally through zoonotic transmission. As investigations continue, it is crucial to 

gain deeper insights into the evolutionary history of SARS-CoV-2 to better prepare 

for and prevent future outbreaks of novel coronaviruses.
27 
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1.1.1.2. Global Spread of COVID-19 

A worldwide outbreak caused by the COVID-19 virus has emerged, recording 

more than 25 million verified infections and surpassing 250,000 deaths globally.
28

 

The virus initially surfaced in Asia but subsequently migrated, impacting regions in 

South America, North America, and Europe, with a recent resurgence in North 

America.
29

 Nations worldwide swiftly mobilised to establish diverse diagnostic 

methodologies for identifying individuals displaying COVID-19 symptoms. As 

testing became more widely accessible, the tally of infected and deceased individuals 

attributed to the virus was meticulously documented across various systems, 

facilitating the construction of statistical models.
30 

China officially recorded its first coronavirus-related fatality on January 11, 

marking over a million lives lost to the disease eight months after its initial 

identification.
31

 Specifically in Wuhan, the virus responsible for COVID-19, SARS-

CoV-2, spread swiftly, resulting in a thousand deaths within just one month.
32

 This 

initial mortality rate exceeded the 774 fatalities attributed to the earlier respiratory 

disease, SARS, during its 2002-2003 outbreak in Asia.
33

 While most countries and 

territories beyond mainland China remained relatively unaffected at that time, the 

virus had already disseminated globally.
34

 The Philippines reported its first COVID-

19 case on February 2, 2020, followed by Hong Kong two days later, Japan on 

February 13, 2020, and France on February 14, 2020.
35

 The month of February 

witnessed a substantial surge in reported cases. By March 11, 2020, the World Health 

Organisation (WHO) declared the novel coronavirus a "pandemic," following the 

identification of 4,500 deaths in 30 countries and territories. The majority of these 
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deaths remained concentrated in China, though Iran (with 300 deaths) and Italy (with 

800 deaths) witnessed rapid escalations in incidents.
36 

The daily death toll in the United States and Europe continued to rise until 

mid-April, peaking at an average of over 2,700 and 4,000 deaths per day, respectively, 

during the second week of April.
37

 The United States presently maintains its status as 

the worst-affected nation globally, with approximately 200,000 deaths.
38

 The direst 

week on a global scale unfolded during the period from April 13 to 19, 2020, 

recording an average of around 7,460 daily COVID-19 related deaths. By that time, 

the global death toll had climbed to nearly 170,000, more than double the figure 

reported on March 31, 2020. Since the outset of June, there has been no discernible 

alteration in the daily average of fatalities.
39

 Latin America and the Caribbean 

assumed the mantle of the new epicentre of the pandemic in June, with daily recorded 

deaths in the region consistently exceeding 2,500 between July 15 and August 15, 

2020.
40 

Subsequently, a modest downturn in numbers materialised, with an average of 

1,900 daily deaths reported by September 2020.
41

 Brazil overtook the United States as 

the country with the highest overall death toll, exceeding 140,000. Countries such as 

Peru (975) and Bolivia (671), as well as European nations like Spain (671) and 

Belgium (861), have been among the hardest-hit nations per capita.
42

 In Asia, the 

daily death toll averaged less than one hundred individuals until mid-April but has 

steadily risen since then. Since July 20, 2020, the continent has reported an average of 

over 1,000 daily deaths, approaching 1,500. India, in particular, has borne a 

significant brunt, with over 480,000 lives lost due to the virus.
43 
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By the end of 2020, new cases had risen by approximately 20% across the 

continent, while fatalities had surged by 28%.
44

 Analogous to other regions globally, 

the Middle East has witnessed a resurgence in daily fatalities, with an increase of 

around 18% over two weeks, tallying around 330 deaths.
45

 In contrast, Africa has 

been relatively less impacted, with fatalities declining since August to less than 200 

daily deaths by mid-September, following an earlier peak of around 400 daily deaths 

in August. Oceania, on the other hand, has consistently maintained daily death tolls 

below twenty-four.
46 

The first patient was admitted on December 12, 2019, followed by the initial 

Chinese national succumbing to the virus at the beginning of January 2020, cases 

linked to COVID-19 through travel began emerging in various countries, including 

Japan, Thailand, France, South Korea, and the United States of America (USA) by 

mid-January 2020.
47

 By the end of January 2020, the virus had already disseminated 

across the West Pacific, Southeast Asia, Europe, Canada, the United States, and the 

East Mediterranean, precipitating a critical global public health emergency.
48

 As of 

June 9, 2020, there were 7,039,918 confirmed cases, 404,396 fatalities, and 3,596,972 

recoveries worldwide. Projections indicate that the cumulative count of COVID-19 

cases may reach approximately 272 million by December 15, 2021, with the United 

States accounting for roughly one-fifth of all reported cases globally, demonstrating 

the virus's pervasive reach.
49 

The COVID-19 outbreak has exacted a substantial human toll worldwide, 

posing unprecedented challenges to food systems, public health infrastructure, and 

workplaces.
50

 The economic and social reverberations of the pandemic were 

profound, pushing tens of millions into poverty, with the number of undernourished 
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individuals projected to have risen to 132 million by the end of the year 2020.
51

 The 

pandemic's implications have exacerbated the risk of extreme poverty for many. It is 

clear that the COVID-19 pandemic has cast a wide net of repercussions, affecting 

various facets of human life and underscoring the imperative for robust public health 

measures and global cooperation to confront and mitigate future outbreaks 

effectively.
52 

1.1.1.3. Government Measures 

The effective implementation of vital government measures, such as public 

health campaigns, healthcare infrastructure improvement, and the implementation of 

lockdowns has been instrumental during the pandemic. These actions highlight the 

government's commitment to safeguarding public health and emphasise the 

importance of a resilient, adaptable, and responsive public health system.
53

 

Furthermore, they underscore the critical role of rational procurement policies, 

procedures, and systems in ensuring the swift acquisition of life-saving resources 

during emergencies like the COVID-19 crisis. These comprehensive measures 

encompassed a range of strategies, including mobility surveillance, physical 

distancing, mobility restrictions, quarantine protocols, proactive testing, and contact 

tracing, among others.
54

 These strategies played a pivotal role in effectively managing 

and responding to the numerous challenges posed by the pandemic. 

When the COVID-19 pandemic first emerged, there was a significant lack of 

established guidelines, given the novelty of the virus.
55

 The World Health 

Organization (WHO) responded by drawing on previous epidemic control strategies 

and adapting them to the unique circumstances of the crisis. Their efforts highlighted 

the importance of learning from past experiences to inform current responses.
56
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Governments around the world grappled with the unprecedented challenge of 

responding to the pandemic, and each nation took its own approach based on its 

specific circumstances and resources. This decentralised response showcased the need 

for flexibility and adaptability in the face of a global crisis.
57

 The impact of the 

pandemic varied widely from country to country, depending on their approach and 

circumstances. For instance, nations like New Zealand, with relatively closed borders, 

implemented strict containment measures that proved effective in curbing the virus's 

spread. In contrast, countries like India, with more open borders and densely 

populated cities, faced unique challenges in controlling the outbreak.
58

  

The COVID-19 pandemic underscored the absence of a one-size-fits-all solution 

to such a global crisis. Instead, it highlighted the need for diverse models and 

strategies, informed by statistical data and tailored to individual circumstances, to 

effectively control the pandemic.
59

 Governments and healthcare systems around the 

world faced unique challenges and made crucial decisions based on the available 

evidence and resources. As we transitioned into the next phase, the focus on 

vaccination emerged as a pivotal strategy in our collective efforts to combat the virus 

and ultimately restore a semblance of normalcy.
60 

1.1.1.4. Vaccination 

Vaccination stands as a critical pillar in the global battle against COVID-19, 

playing a pivotal role in curbing the virus's transmission, preventing severe illness, 

and saving lives.
61

 These campaigns have significantly bolstered immunity levels 

within populations, facilitating a gradual return to normalcy and the pandemic's 

containment. Ongoing research and efforts persist in refining vaccination strategies, 

addressing virus variants, and ensuring equitable global vaccine access, underscoring 
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their paramount role in our collective response to this unparalleled global health 

challenge.
62

 The advent of COVID-19 vaccines has instilled a sense of hope in our 

pandemic response. These vaccines mark a significant milestone, offering the promise 

of widespread immunity and a gradual return to pre-pandemic life.
63

  

In the comprehensive examination of strategies to combat the COVID-19 

pandemic, it is crucial to emphasise the sequential nature of pandemic response 

planning.
64

 Recognising vaccination as a secondary measure, the initial phase of the 

study is dedicated to the establishment of resilient control mechanisms rooted in 

statistical models and leveraging available data.
65

 Consequently, the present 

investigation intentionally excludes vaccination as a variable to concentrate on a 

meticulous assessment of the inherent spread, impact, and potential mitigation 

strategies for COVID-19. By delineating the phased approach to pandemic control, 

the study underscores the primary focus on developing models based on existing 

statistics to comprehend and address the complex dynamics of the ongoing pandemic. 

The deliberate omission of vaccination as a variable underscores the significance of 

statistical models in shaping understanding and formulating effective responses to the 

evolving challenges posed by COVID-19. 

1.1.1.5. Pandemic Management 

In the historical context of epidemiology, an illustrative example highlights 

the significant role of statistics in managing pandemics.
66

 This was the first time a 

statistical model was being used for pandemic management. John Snow's work in 

mapping and analysing the spread of cholera in 19th-century London marks a 

significant shift in how we deal with infectious diseases during pandemics.
67

 The use 

of statistical methods in this context has set the stage for future developments in 
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epidemiology, showing the potential of data-driven approaches in guiding 

interventions and understanding how diseases spread.
68

  

In contemporary pandemic management, statistical models serve as a crucial 

tool in navigating the complexities of healthcare, policy-making, and public 

awareness.
69

 The decision-making process, from formulating social distancing 

guidelines to strategically distributing vaccines, relies on the empirical foundation 

provided by statistical analyses. The historical legacy of epidemiological statistics 

seamlessly extends into the modern era, leveraging technological advancements to 

enhance statistical modelling.
70

  

Epidemiological modelling, situated at the forefront of pandemic response, 

exemplifies the utility of statistical tools.
71

 Models such as SIR (Susceptible, Infected, 

Recovered) and SEIR (Susceptible, Exposed, Infected, Recovered) assist in 

understanding disease spread dynamics, providing forecasts for infections, recoveries, 

and fatalities.
72

 Modern statistical methods, incorporating technology-driven 

approaches, explore techniques for outbreak prediction and identifying factors 

influencing transmission dynamics.
73

 In the intricate process of allocating pandemic 

resources, statistical optimisation algorithms emerge as indispensable. Faced with the 

scarcity of resources like medical personnel, ventilators, and vaccines, these 

algorithms guide the judicious distribution of critical assets. Analytics, informed by 

statistical insights, identify regions with escalating cases, enabling swift resource 

mobilisation to areas in greatest need.
74

  

Furthermore, statistics play a role in prioritising vaccine distribution, ensuring 

vulnerable populations are addressed based on empirical risk assessments.
75

 Beyond 

resource deployment, effective communication of pandemic-related information relies 
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on accurate statistical data. Visualisation tools such as charts, graphs, and heat maps 

simplify complex information, promoting a deeper understanding among the general 

population.
76

 Statistics also influence public sentiment, mitigating unnecessary panic 

or instilling a necessary sense of urgency through an informed understanding of data 

significance. In the evolving landscape of infectious diseases, statistics serve as the 

empirical foundation for evidence-based decision-making in pandemic management. 

From modelling virus spread to resource allocation and public communication, 

statistical methods continue to be indispensable in navigating the complex challenges 

posed by public health crises.
77

 

1.1.1.6. Challenges Faced in Estimation and Monitoring 

Accurate estimation and effective monitoring of such events are crucial for 

timely intervention and containment.
78

 Despite advancements in technology and 

healthcare systems, the task of estimating and monitoring pandemics faces multiple 

obstacles.
79

 Understanding these challenges is pivotal for improving response 

mechanisms and public health outcomes. One of the foremost challenges in pandemic 

monitoring is data inconsistency and availability. The reliability of data varies widely 

between countries and even within regions, due to differences in testing capabilities, 

reporting systems, and healthcare infrastructure. Inaccurate or incomplete data not 

only skew estimations but also affect the allocation of resources and public health 

interventions.
80 

Public compliance with health directives is essential for effective monitoring. 

However, misinformation, socio-political factors, and distrust in governmental 

agencies undermine public compliance, thereby compromising the quality of 

epidemiological data and the effectiveness of containment measures.
81

 Limited 

resources such as manpower, healthcare infrastructure, and funding present significant 
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challenges. In many cases, underfunded public health agencies are forced to prioritize 

certain tasks over others, leading to gaps in monitoring and underestimation of the 

pandemic's true extent.
82 

The presence of asymptomatic individuals complicates both estimation and 

monitoring. These individuals may unknowingly spread the disease, making it 

difficult to identify and contain clusters of infections.
83

 Traditional surveillance 

methods often miss asymptomatic cases, leading to an underestimation of the 

pandemic's scope. Monitoring often necessitates data collection that may invade 

personal privacy.
84

 Ethical considerations arise, especially when utilizing technologies 

like contact tracing apps, which may conflict with individual privacy rights. Striking a 

balance between public health and ethical imperatives is a complex challenge.
 

The estimation and monitoring of pandemics are fraught with challenges that have 

far-reaching implications for public health.
85

 These challenges are multifaceted, 

spanning data inconsistency, public compliance, resource constraints, asymptomatic 

cases, and ethical concerns. Addressing these issues necessitates a multi-disciplinary 

approach that involves technological innovation, public awareness campaigns, and 

international collaboration. As pandemics continue to threaten global health, 

understanding and overcoming these challenges is of paramount importance.
86 

1.1.2. Approaches 

1.1.2.1. Models for Estimation 

In the realm of public health, the application of various epidemiological 

models has been integral for predicting and managing the spread of infectious 

diseases, particularly during pandemics. Established models like the Susceptible-

Infected-Recovered (SIR) and Susceptible-Exposed-Infected-Recovered (SEIR) 
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compartmental models have played foundational roles, albeit with occasional 

criticism for their simplistic assumptions about population dynamics.
87 

Examining historical epidemics and pandemics, such as the Spanish Flu of 

1918, SARS in 2002-2003, MERS in 2012, and H1N1 in 2009, researchers have 

employed a range of these models.
88

 These past events serve as valuable case studies, 

shedding light on the effectiveness of different modelling approaches. For instance, 

compartmental models proved effective in providing general estimates during the 

H1N1 pandemic, while the complexity of transmission dynamics in SARS and MERS 

necessitated the use of agent-based models.
89 

Comparative analysis suggests that while traditional models are useful for 

generating general estimates, they may fall short in addressing the complexities and 

heterogeneities of real-world scenarios.
90

 Advanced models, while offering finer 

details, come with the requirement for substantial computational resources and data.
91

 

Thus, a balanced approach that leverages the strengths of various models could 

provide the most accurate and actionable insights for public health authorities.
 

Despite the plethora of models available for estimating epidemiological trends 

in pandemics, a lack of standardization and a clear understanding of their respective 

merits and limitations persist. An examination of their application in historical 

pandemics serves as a valuable source of lessons, aiding in the refinement of existing 

models and the development of new ones that are better suited to the intricacies of 

modern epidemics.
92 
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1.1.2.2. Models for Monitoring and Forecast 

Forecasting teams leverage diverse models for monitoring and predicting 

various aspects of pandemics, incorporating data such as COVID-19 statistics, 

mobility trends, and demographic information.
93

 Among the existing models, 

compartmental models like Susceptible-Infected-Recovered (SIR) and Susceptible-

Exposed-Infected-Recovered (SEIR) serve as foundational tools, offering general 

estimates but criticized for simplistic assumptions.
94

 Agent-based models, which 

consider individual interactions, provide greater granularity in understanding complex 

transmission dynamics but require substantial computational resources and data.
95

 

These models often use diverse data sources and estimations of intervention impact to 

forecast metrics like the number of cases, fatalities, and hospitalizations. Comparing 

and contrasting these diverse projections becomes crucial for discerning the efficacy 

of different models throughout the epidemic. This process involves accumulating and 

analyzing data, including identifying median points that serve as general or overall 

forecasts.
96 

Forecasting techniques play a vital role in designing effective plans and 

making informed decisions during pandemics. These methods rely on historical data 

to generate more accurate predictions about future events, aiding in the preparation 

for prospective threats and understanding their implications.
97

 The precision of 

forecasts is contingent on data obtained from various platforms, encompassing 

environmental factors, incubation time, quarantine effects, age, gender, and other 

relevant variables. Despite their importance, forecasting techniques face unique 

challenges, both generic and technical, underscoring the necessity for a balanced and 

comprehensive approach in pandemic management.
98 



Introduction 

 

 Page 16 

 

1.1.2.2.1. Ideal Statistical Model 

Pandemics unfold as intricate phenomena shaped by numerous factors, 

encompassing biology, social dynamics, public policy, and healthcare infrastructure.
99

 

Constructing statistical models to project the trajectory of a pandemic necessitates a 

comprehensive, multi-dimensional approach. Nevertheless, prevailing models often 

simplify these complexities for computational convenience, potentially compromising 

accuracy and adaptability.
100 

An optimal statistical model should exhibit a high level of granularity, capable 

of capturing both population-wide trends and nuanced individual-level dynamics. This 

involves integrating variables such as age, gender, geographical location, and pre-

existing medical conditions, acknowledging their significant impact on disease 

susceptibility and transmission.
101

 Given the dynamic nature of pandemics, an ideal 

model demonstrates flexibility, enabling the incorporation of new data inputs and 

real-time adjustments to parameters. This adaptability is crucial for precise short-term 

forecasting, facilitating immediate public health interventions.
102

 Flexibility also 

implies the model's ability to accommodate different diseases, strains, or variants 

without necessitating foundational restructuring.
 

The consideration of socio-economic variables is imperative for an effective 

model, encompassing factors like public healthcare infrastructure, social mobility, and 

compliance with public health measures.
103

 Neglecting these variables could lead to 

misleading projections and ineffective policy recommendations. Additionally, the 

utility of a model is enhanced when it integrates real-time data streams, incorporating 

case numbers, vaccination rates, and mobility data.
104

 Real-time analytics provide 

actionable insights for policymakers and healthcare providers, supporting timely and 

informed decision-making.
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The ideal statistical model for pandemic forecasting amalgamates key elements: 

granularity, flexibility, consideration of socio-economic variables, and real-time data 

integration.
105

 Adhering to these principles, such a model holds the potential to 

provide more accurate projections and contribute to effective, targeted interventions, 

thereby mitigating the impact of pandemics on global health and well-being.
106

 

Importantly, it is acknowledged that no single model comprehensively addresses all 

aspects, emphasizing the importance of selecting the most fitting or best models for 

specific applications.
 

1.1.2.2.2. Model Efficacy 

Numerous statistical models exhibit significant disparities in their attempts to 

forecast the future impacts of the viral infection, utilizing diverse criteria such as 

social interaction distancing measures imposed in specific regions. While these 

models are invaluable tools for researchers worldwide, particularly when uncovering 

non-apparent facts, they often omit crucial information.
107

 Additionally, epidemic 

models fall short of addressing economic challenges. Although many statistical 

models demonstrate mathematical soundness in their forecasts, it is prudent to apply a 

foundational level of computation across all models and scenarios, allowing for the 

inclusion of human-influenced variables like social distancing.
108

 This approach 

enables the identification of the most fitting model for a given situation, potentially 

informing public use in future planning. 

The article titled "Wrong but Useful — What COVID-19 Epidemiologic 

Models Can and Cannot Tell Us" by Inga Holmdahl and Caroline Buckee delves into 

the role and limitations of epidemiologic models within the context of the COVID-19 

pandemic. The authors posit that while these models serve as essential planning tools 
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for policymakers, clinicians, and public health practitioners, they are frequently 

misconstrued or misapplied.
109

 Despite their inherent inaccuracies in predictions, 

these models guide decision-making by presenting a spectrum of possible outcomes 

based on varying scenarios and assumptions. Regarding model efficiency, the paper 

underscores that simpler models may sometimes be more useful for immediate 

decision-making than their more complex counterparts.
110

 Simpler models demand 

fewer computational resources and are more easily interpretable, rendering them 

highly efficient for rapid policy decisions. However, the authors caution that these 

models have their limitations and should not be perceived as definitive predictors of 

future events.
111

 

The study also confronts the challenge of model uncertainty, asserting that all 

models inherently possess inaccuracies to some degree but still be useful. The 

efficiency of a model, therefore, should not be solely assessed based on its predictive 

accuracy but also on its adaptability to new data and evolving conditions. The authors 

advocate for iterative approaches that enable models to be updated as additional data 

becomes available, thereby enhancing their utility and efficiency over time. The study 

offers a nuanced perspective on the use and efficiency of epidemiologic models in 

managing the COVID-19 pandemic. It advocates for the appropriate application of 

models as planning tools, highlights the trade-off between simplicity and complexity 

in model efficiency, and encourages an iterative approach to model enhancement. 

This balanced viewpoint contributes to an understanding of how models are both 

flawed and useful, providing an effective guide for stakeholders involved in the 

pandemic response.
109
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1.2 Literature Review 

The introduction to COVID-19 and statistical modelling provides an overview 

of the virus's origin and global spread, while also emphasizing the importance of 

employing statistical models to forecast its trajectory. Kai et al. (2020) examined the 

origins and worldwide dissemination of COVID-19, shedding light on the urgency of 

implementing robust statistical models to predict its future course. As the virus 

rapidly spread across the globe, understanding its behavior and forecasting its impact 

became imperative to guide public health interventions and policy decisions.
112

 In a 

related study, Almeida et al. (2023) emphasized the value of data-driven approaches 

in comprehending the complexities of pandemic scenarios, with COVID-19 serving as 

a prominent example. Utilising statistical models that are informed by real-world data 

allows researchers and authorities to make informed decisions in managing the 

pandemic. These models assist in predicting infection rates, identifying potential 

hotspots, and evaluating the effectiveness of various control measures.
113 

Data processing and clustering methods are essential components in handling 

and analyzing pandemic datasets, particularly in the context of COVID-19. Sarker et 

al. (2022) emphasized the significance of data pre-processing techniques to manage 

missing and noisy data commonly found in real-world pandemic datasets. Data pre-

processing involves cleaning, transforming, and organizing the data to ensure its 

quality and reliability. In the case of COVID-19 data, there may be instances of 

missing data or data points affected by noise, which impact the accuracy of analysis 

and modelling. By employing appropriate data pre-processing techniques, researchers 

mitigate these challenges and ensure that the data used for analysis is more accurate 

and reliable, leading to more robust insights and conclusions.
114 
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In addition to data pre-processing, Li et al. (2020) introduced novel clustering 

methods designed specifically for grouping COVID-19 cases based on common 

characteristics. Clustering is a technique used in statistical methods to identify similar 

groups within a dataset. In the context of COVID-19, clustering methods were applied 

to identify patterns and trends among different cases, such as grouping cases with 

similar symptoms, transmission routes, or geographic locations. By organizing 

COVID-19 cases into clusters, researchers and decision-makers gain a better 

understanding of the virus's behavior and tailor specific strategies and interventions to 

different clusters. This aids in more effective decision-making and resource 

allocation, as well as informing targeted public health measures to control the spread 

of the virus.
115 

Time-series analysis and forecasting are essential techniques in understanding 

the temporal patterns and predicting trends in COVID-19 data. Liu et al. (2019) 

highlighted the significance of time-series theory, which involves analyzing data 

collected over time to identify patterns, trends, and seasonality. Time-series data in 

the context of COVID-19 would include daily or weekly case counts, hospitalizations, 

or mortality rates over a specific period. Autoregressive models, such as ARIMA 

(Auto Regressive Integrated Moving Average), are powerful tools commonly used in 

time-series analysis to forecast future values based on past observations. These 

models take into account the data's autoregressive nature, where the current value 

depends on past values and any relevant seasonal patterns or trends. By applying 

time-series theory and ARIMA models to COVID-19 data, researchers make 

predictions trajectory of the pandemic, enabling public health authorities to better plan 

and allocate resources.
116 
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Gupta and Patel (2020) conducted a study applying ARIMA models to 

forecast COVID-19 cases in different countries, including India, the USA, and Italy. 

ARIMA models are particularly useful in capturing the temporal patterns and 

variations in COVID-19 data, making them suitable for predicting the number of 

cases over time. By utilizing historical data on COVID-19 cases, the models identify 

trends and patterns and generate forecasts for the future number of cases. This 

information is invaluable for policymakers and healthcare officials in preparing for 

potential surges in cases, anticipating resource needs, and formulating appropriate 

response strategies. The accuracy of these forecasts depends on the quality and 

completeness of the input data, making data integrity and pre-processing critical 

factors in obtaining reliable predictions.
117 

Control strategies and optimal allocation of resources are crucial in managing 

and mitigating the spread of the COVID-19 pandemic. Thompson et al. (2022) 

examined different control strategies that were employed to control the transmission 

of the virus. Trigger control involves implementing specific actions or interventions 

when certain predefined triggers or thresholds are met. These triggers were based on 

various factors such as the number of cases, the reproduction number (  ), or the 

capacity of healthcare facilities. Optimal control theory is another approach that uses 

mathematical models to determine the most effective combination of interventions to 

minimize the impact of the pandemic. By optimizing control measures such as social 

distancing, testing, contact tracing, and quarantine, authorities effectively curb the 

spread of the virus.
118 

Lo-Ciganic et al. (2022) focused on the application of reinforcement learning 

algorithms for resource allocation in healthcare systems during pandemics. In the 
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context of COVID-19, these algorithms are utilized to optimize the allocation of 

limited resources such as hospital beds, ventilators, and medical supplies. By 

continuously learning from the outcomes of different resource allocation strategies, 

reinforcement learning algorithms adapt and improve their decision-making process 

over time. This helps in efficiently allocating resources where they are most needed, 

especially during the surge in cases, to ensure optimal care and outcomes for 

patients.
119 

Faiq (2020) investigated various methods for estimating Case Fatality Rate 

(CFR) in infectious diseases, including the use of Yoshikura's method. CFR is a 

crucial epidemiological indicator that measures the proportion of deaths among 

confirmed cases of a disease. It helps in assessing the severity and lethality of the 

disease outbreak. Yoshikura's method is a statistical approach for estimating CFR that 

takes into account the time delay between case confirmation and death, which was 

particularly important during a pandemic where there were delays in reporting and 

recording deaths. Accurate estimation of CFR is crucial for public health authorities 

to gauge the impact of the disease and formulate appropriate response strategies.
120 

Liu et al. (2021) employed distribution fitting techniques, specifically Weibull 

and Gamma distributions, to model COVID-19 mortality rates. Distribution fitting 

involves finding the best-fitting statistical distribution that represents the observed 

data. Weibull and Gamma distributions are commonly used to model survival data, 

including time-to-event data, such as the time from infection to death in the case of 

COVID-19. By fitting these distributions to mortality data, researchers better 

understand the underlying patterns and trends in mortality rates and make more 

informed predictions course of the pandemic. This information is valuable for 
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healthcare planning, resource allocation, and policymaking during a public health 

crisis.
121 

State-space methods are powerful tools for modelling and analyzing 

epidemiological data during disease outbreaks, providing real-time insights and 

predictions to guide public health responses. Afzal et al. (2022) discussed state-space 

methods for modelling epidemiological data. State-space models are a class of 

statistical models that capture both the observed data (e.g., the reported number of 

COVID-19 cases) and the underlying unobserved or hidden states (e.g., the true 

number of infected individuals). These models are particularly useful during 

outbreaks when there are delays in reporting cases or underreporting. State-space 

methods enable researchers to estimate the true state of the outbreak and provide more 

accurate and real-time insights into the disease's dynamics, including the transmission 

rate, the number of undetected cases, and the impact of control measures. These 

insights are crucial for public health officials to make informed decisions and 

implement timely interventions.
122 

Sharma et al. (2023) presented a case study of state-space estimation methods 

applied to predict COVID-19 transmission in specific states in India - Kerala, 

Karnataka, Tamil Nadu, and Maharashtra. State-space estimation allows researchers 

to assimilate various data sources, including reported case counts, testing rates, and 

demographic information, to estimate the true state of the outbreak and forecast its 

future trajectory. The study aimed to assess the effectiveness of different control 

measures and understand the varying dynamics of COVID-19 in different regions. By 

utilizing state-space methods, the researchers could gain insights into the pandemic's 
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progress, assess the impact of containment measures, and make recommendations for 

optimizing public health responses in each state.
123 

Oakley et al. (2020) conducted an assessment of the demand and capacity of 

hospital infrastructure, specifically focusing on beds, ICUs, and ventilators, to cope 

with the increasing number of COVID-19 cases. Understanding the healthcare 

system's capacity and potential limitations is crucial during a pandemic, as a surge in 

cases quickly overwhelms medical facilities. The researchers used data-driven 

methods and statistical modelling techniques to predict the demand for healthcare 

resources based on the projected increase in COVID-19 cases. By analyzing the 

available capacity of hospitals and comparing it with the estimated demand, the study 

aimed to identify potential gaps and areas of concern in healthcare preparedness. The 

findings provided valuable insights for policymakers and healthcare administrators to 

optimize resource allocation and plan for potential surges in COVID-19 cases.
124

 
 

Bennett et al. (2021) investigated the prediction of the time it would take for 

available healthcare facilities to reach their maximum capacity during the COVID-19 

pandemic. This assessment is crucial for anticipating and preparing for the potential 

overload of hospitals and critical care units. The study employed various statistical 

and mathematical models, along with real-time data on the pandemic's progression, to 

estimate the point at which healthcare facilities would be stretched to their limits. 

Understanding this critical threshold helps in planning and implementing timely 

interventions to prevent overwhelming the healthcare system and ensuring that 

adequate resources are available to provide the best possible care to COVID-19 

patients.
125 
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Both studies (Oakley et al. (2020), and Bennett et al. (2021)) contributed 

important insights into healthcare infrastructure planning during the COVID-19 

pandemic.
124,125

 By analysing demand and capacity, these research efforts aid in better 

understanding the potential strain on the healthcare system and support evidence-

based decision-making for resource allocation and preparedness. They play a vital 

role in helping healthcare facilities and policymakers adapt to the evolving demands 

of the pandemic and ensure that healthcare services are efficiently delivered to those 

in need.
 

1.3 Justification for the study 

The significance of this study lies in its comprehensive exploration and 

analysis of various statistical models, data processing techniques, and control 

strategies related to the COVID-19 pandemic. By investigating these aspects, the 

research aims to provide valuable insights and understanding of the pandemic's 

behaviour, transmission patterns, and impact on healthcare systems. The study covers 

a wide range of topics, using data reconciliation, time-series analysis, clustering 

methods, and predictive modelling. 

The study's findings contribute to the development of more effective and 

accurate statistical models for predicting the spread of the virus, identifying relevant 

variables, and assessing the effectiveness of containment measures. This is 

instrumental in guiding policymakers and health authorities in making informed 

decisions and adopting targeted interventions to manage and control the pandemic. 

Moreover, the analysis of different epidemiological models, such as SIR and SIRD 

models, provides a deeper understanding of the dynamics of the virus's transmission 

and the potential implications on the population's health.
126

 Additionally, the study 
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delves into the case fatality rate, recovery rate, and distribution fitting, aiding in 

assessing the severity of the disease and estimating mortality rates. 

The significance of this study extends to its application in specific regions, 

such as health decision-making in health and pollution control. By analysing the data 

and trends in these areas, the research provides valuable insights into the regional 

variations in COVID-19 cases and the adequacy of healthcare infrastructure. This 

study's multifaceted analysis of statistical models and data-driven methods serves as a 

valuable resource for researchers, policymakers, and healthcare professionals seeking 

to gain a deeper understanding of the COVID-19 pandemic and implement evidence-

based strategies to combat its spread and mitigate its impact on public health and the 

healthcare system. 

1.3.1 Existing Models 

While existing statistical models have proven instrumental in understanding 

and forecasting the dynamics of the pandemic, they are not without their limitations. 

Many of these models rely heavily on historical data and assumptions that do not hold 

as the pandemic evolves. The accuracy of predictions is hindered by factors such as 

changing public behaviour, the emergence of new virus variants, and variations in 

testing and reporting practices across regions. Additionally, existing models struggle 

to account for complex interactions between different interventions and the interplay 

of social, economic, and healthcare factors. It is imperative to acknowledge these 

limitations to refine and advance statistical modelling approaches for more effective 

pandemic management.
127 
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Furthermore, the reliance on historical data poses challenges in addressing the 

unprecedented nature of the current pandemic. The evolving dynamics of COVID-19, 

characterized by emerging variants and shifting public responses, necessitate 

continuous adaptation of statistical models.
128

 The limitations become apparent when 

dealing with unforeseen variables that were not present in the historical data, leading 

to potential inaccuracies in forecasting future trends. As the scientific community 

grapples with these challenges, it underscores the importance of not only 

acknowledging the limitations but also actively working towards enhancing the 

resilience and adaptability of statistical models in the face of dynamic and complex 

public health crises. This recognition serves as a catalyst for ongoing research and 

refinement, driving the evolution of statistical modelling to better meet the demands 

of pandemic management.
129 

1.3.2 Need for Real-Time Monitoring 

In the face of a rapidly evolving pandemic, the need for real-time monitoring 

and data-driven decision-making has never been more pronounced.
130

 Traditional 

epidemiological models often rely on retrospective data, resulting in a lag between 

data collection and actionable insights.
131

 Real-time monitoring systems, underpinned 

by advanced statistical models, are crucial for the timely detection of outbreaks, 

assessment of intervention effectiveness, and resource allocation.
132

 These systems 

empower public health authorities with the agility to adapt strategies in response to 

changing circumstances and to mitigate the pandemic's impact effectively.
133

 This 

study explores the development and application of such real-time monitoring 

approaches in the context of COVID-19, addressing the pressing need for dynamic 

and data-informed pandemic management.
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The integration of data-driven techniques further enhances the capabilities of 

real-time monitoring systems.
134

 By leveraging these advanced technologies, the 

models were not only detecting patterns and anomalies in data more efficiently but 

also adapting and learning from evolving trends. This synergy allows for more 

accurate predictions, identification of emerging hotspots, and a deeper understanding 

of the factors influencing the spread of the virus.
135

 As the pandemic landscape 

continues to evolve, the exploration of innovative technologies within the realm of 

real-time monitoring becomes pivotal. This study delves into the intersection of 

advanced statistical models, and real-time monitoring, aiming to contribute insights 

into the development of adaptive and data-driven strategies for effective pandemic 

management. Through an exploration of these interconnected elements, the research 

endeavours to provide a comprehensive understanding of the potential for cutting-

edge technologies to revolutionize the landscape of public health response during 

dynamic and challenging times. 
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1.4 Research Questions 

1. How does the established model for the COVID-19 pandemic function, and what 

are its key components? 

2. What are the specific methods and strategies used in monitoring the COVID-19 

pandemic? 

3. How does the use of the established model for the COVID-19 pandemic help the 

decision-making process of planners and healthcare providers in managing and 

containing the pandemic? 

4. What are the strengths and limitations of the established model for the COVID-19 

pandemic compared to traditional approaches in monitoring and managing the 

pandemic? 

5. What is the comparative analysis of pandemic management outcomes between 

regions that have adopted the established model? 

6. How adaptable is the established model for the COVID-19 pandemic to future 

pandemics or infectious disease outbreaks? 

1.5 Objectives of the Study 

 To establish the model for the COVID-19 pandemic. 

 To provide methods for monitoring of COVID-19 pandemic, so that planners and 

healthcare providers can use the models for appropriate action to manage, contain, 

and control the pandemic.  
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CHAPTER 2: MATERIALS AND METHODS 

2.1 Introduction 

The study focus is given to data-driven schemes, which are methodologies that 

predominantly utilize empirical data for analysis, eschewing reliance on purely 

theoretical or heuristic models.
135

 Data-driven schemes refer to techniques that rely 

heavily on the empirical data collected, rather than purely theoretical or heuristic 

models.
136

 Amidst the COVID-19 situation, these schemes play a crucial role in 

providing immediate and accurate information about the transmission, severity, and 

trends of the illness.
137

  Data-driven techniques are necessary because of the 

unpredictable nature of the COVID-19 pandemic.
138

  Traditional models, which relied 

on historical data or pre-set parameters, are not agile enough to capture the nuances 

and rapid changes associated with the virus's spread.
139

 Data-driven schemes, on the 

other hand, adapt and evolve as more data becomes available, ensuring that 

predictions and estimations remain relevant and accurate.
140 

2.1.1. Holistic Approach 

The COVID-19 crisis has introduced trade-offs between economic stability, 

public health, and social well-being, and policymakers find themselves grappling with 

complex decisions.
141

 As the pandemic spread during the initial months of 2020, it 

swiftly morphed into a global epidemic, casting a shadow over the majority of the 

world's population. With stringent containment measures in place, an unprecedented 

lockdown affecting vast populations ensued, marking an unprecedented chapter in 

human history.
142 



Materials and Methods 

 Page 31 

 

Without a doubt, the COVID-19 epidemic has caused the most substantial 

economic decline since World War II, in addition to its catastrophic impact on human 

health.  Disruption reverberated across all sectors of the economy, as global supply 

chains faltered, demand for imported goods diminished, international tourism 

dwindled, and business travel ground to a halt.
143

 Governments have found solace in 

analytical techniques and modelling to decipher, strategies, predict, and respond to the 

multifaceted implications of this crisis.
144

 These techniques encompass a spectrum of 

decision support tools and statistical methodologies, often harnessed through multi-

agent models. These models encompass disease surveillance, predicting epidemic 

outcomes, and counterfactual studies, underpinned by a diverse array of data-driven 

techniques.
145 

Data-driven tools play a crucial role in the context of pandemic outbreaks. 

They are essential for (i) modeling and predicting the course of the pandemic, (ii) 

implementing timely interventions to control and stop the spread of the infection, and 

(iii) monitoring the evolution of the epidemic and evaluating the potential impacts of 

different healthcare and socioeconomic measures.
146

   The process of making effective 

decisions during a pandemic is complex and filled with uncertainty.   Concurrently, 

the inability to promptly and efficiently react in the face of immense uncertainty 

results in severe repercussions.  

Transitioning to the realm of a data-driven community, which encompasses 

researchers and practitioners designing decision-making tools and predictive models, 

a holistic approach becomes pivotal.
147

 In summation, the holistic approach of 

combining data-driven tools with a SWOT analysis empowers decision-makers to 

navigate the intricate landscape of challenges. By understanding the internal dynamics 
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and external influences, practitioners develop targeted strategies, enhancing their 

ability to tackle prevailing issues, identify favourable conditions, and overcome 

hurdles.
148

 This approach stands as a beacon of precision and insight, guiding 

scientific endeavours toward effective solutions in the face of multifaceted challenges. 

2.1.2. Data-Driven Schemes and Techniques 

Governments around the globe are increasingly relying on various analytical 

techniques and modelling to comprehend, plan, forecast, and respond to the 

pandemic.
149

 These techniques include decision support techniques and statistical 

methods using multi-agent models, such as: (i) disease surveillance and (ii) predicting 

epidemic outcomes (such as mortality, hospital demands, and case counts), that used a 

diverse range of data-driven techniques, such as Bayesian techniques,  time-

sequencing ARIMA models, and (iii) counter-factual study of epidemics, and the 

results seem to have a significant impact on the initial decisions regarding lockdowns 

in different nations.
150 

Data-driven tools are critical in the context of epidemic outbreaks to (i) model 

and predict the trajectory of the pandemic; (ii) control the infection by taking prompt 

action to reduce and stop the contagion.; and (iii) track the epidemic's progression and 

evaluate the potential effects of any countermeasures taken from both a healthcare and 

a socioeconomic perspective. Within the framework of a pandemic, optimal decision-

making is a sophisticated procedure that involves a large level of ambiguity; whereas, 

concurrently, failing to react quickly and appropriately, even in the face of 

overwhelming uncertainties, that have serious implications.
151 
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This research included the elements of data-driven schemes in the following 

manner.   (i) Data Collection: This entails acquiring pertinent data from diverse 

sources, open-source platforms, Government testing centers, and public health 

organizations. The quality and granularity of this data are crucial for the success of 

the subsequent analysis.
152

 (ii) Data Processing: After gathering, the data undergo 

cleaning, standardisation, and transformation to a format that is appropriate for 

analysis. This stage often entails addressing the presence of missing numbers, outliers, 

and other biases within the data.
153

 (iii) Data Analysis: With the processed data in 

hand, various statistical techniques are applied to derive insights, make predictions, 

and inform decision-making processes.
 
By leveraging real-time data and advanced 

analytical techniques, these schemes provide invaluable insights that inform public 

health decisions, policy-making, and community responses. As the pandemic 

continues to evolve, the role of data-driven schemes in estimation and monitoring will 

remain central to global efforts to understand, mitigate, and eventually overcome the 

challenges posed by COVID-19.
154 

2.2 Materials 

2.2.1. Data Sources 

Open data resources are crucial in combating the COVID-19 pandemic. The 

scientific community conducts a daily analysis of time series data on the number of 

confirmed cases and mortality rates, along with other indications, and publishes it on 

open source.
155

 It is crucial to depend on precise, up-to-date, and varied data sources 

and the main data sources used in this research are:  



Materials and Methods 

 Page 34 

 

 World Health Organization (WHO) Data Repository: The World Health 

Organisation (WHO) issues daily status bulletins about the COVID-19 

pandemic, which include comprehensive information on the number of cases, 

fatalities, and recoveries categorised by country.  This repository serves as a 

central store of worldwide data, including both total statistics and daily 

additions. 
156

 

 Johns Hopkins University (JHU) COVID-19 Dashboard: The Centre for 

Systems Science and Engineering (CSSE) at JHU maintains a frequently 

updated dashboard that monitors the worldwide dissemination of the virus. 

This site provides detailed data, including statistics at the province or state 

level in several nations. 
157

 

 National Health Departments: For a more detailed country-specific analysis, 

data from national health departments and ministries were extracted. These 

sources often provide insights into local outbreaks, testing rates, and 

hospitalization figures.
158

 

 COVID-19 Data Repository by the Centre for Humanitarian Data: This 

repository offers a comprehensive dataset that includes testing rates, case 

counts, and mortality figures. It also provides demographic data, which is 

crucial for understanding the disease's impact on different population 

groups.
159

 

 Scientific Literature and Preprints: Peer-reviewed articles and preprints 

from platforms like medRxiv and bioRxiv were consulted to gather insights on 

the virus's transmission dynamics, clinical characteristics, and potential 

interventions.
160
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2.2.2. Overview of Open Source COVID-19 Data 

Compilation of open source repositories with relevant COVID-19 data includes: 

 Confirmed/Active cases, Death or Recovered cases: Data sets are used to 

monitor the count of deaths, verified new cases, and instances of recovery. 

Data is often provided on a national level and, in some cases, on a regional 

level.  Up until this point, Johns Hopkins University (JHU) has maintained the 

most popular data set. Additionally, there are regional repositories for every 

nation. The consequences of the pandemic on human life are broadly 

represented by these types of data sets.
161

 

 Testing: Details on the number of positive incidents that happened, the type of 

test conducted, and the number of tests are included in the datasets connected 

to proactive testing. It is also crucial to have accessibility to auxiliary data, 

such as the gender and age categories, professional activities, and the methods 

used to choose the test subjects.
162

 

2.2.3. Auxiliary Data Sources 

 Demographics: Standardization of the COVID-19 data is done while 

considering demographic data to construct general models and procedures. 

The factor that could help to explain why the virus spread so quickly in some 

areas is population density. Additionally, age groupings are used in estimating 

COVID-19 mortality.
163

 

 Hospital and Healthcare Systems: The data that pertain to healthcare 

systems cover a lot of different factors, one of which is the number 

of ventilators and intensive care units (ICUs). The national healthcare systems 

are responsible for maintaining the data about the availability of healthcare 

resources, which, in certain data sets, is only partially available.
164
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2.2.4. Data Curation 

Integration and organization of data gathered from multiple sources is known 

as data curation. The availability, preservation, and reuse of data are critical aspects of 

effective data management, particularly in the context of disease outbreaks like 

COVID-19.
165

 Data curation, is an active process, that involves organizing and 

maintaining datasets to meet analytical requirements and preferences. Obtaining 

datasets is just the initial step; the goal of data curation is to make them easily 

discoverable, comprehensible, and accessible. Metadata management, including the 

use of data catalogues, plays a crucial role in data curation. 

During outbreaks, extensive data are collected globally, but challenges in data 

sharing arise due to legal, ethical, and privacy concerns. The lack of standardized 

formats hinders efficient sharing. Establishing a standard format is essential, 

accommodating various data streams from reputable sources. 

Rapid data ingestion requires automated workflows and these Integrated 

process flows enhance data collection comprehension, crucial during early outbreak 

stages when data quality varies. Scalability concerns were addressed through a 

decentralized approach to data validation involving team members and volunteers. 

Using a standardized geographic reference frame enables detailed and integrated data 

analysis. The data for the study was collected automatically from various sources and 

securely stored in designated arrays, as indicated in the metadata.  

 

 

 



Materials and Methods 

 Page 37 

 

2.3 Methods 

2.3.1. Basic Methods 

2.3.1.1. Pre-Processing Data 

Due to the heterogeneous origin of data, the majority of real-world data are 

very prone to missing, noisy, and inconsistent. Data analysis methods would not 

produce high-quality results when applied to this noisy data because they would be 

unable to successfully find patterns. Therefore, data pre-processing is crucial to 

raising the overall level of data quality.
166 

Data pre-processing is a crucial step in statistical analysis, encompassing 

procedures necessary for encoding or modifying data to facilitate efficient decoding. 

The precision and accuracy of a model's predictions heavily rely on the algorithm's 

capacity to rapidly analyze the data's properties. In statistical terms, the effectiveness 

of a predictive model is contingent upon the careful pre-processing of data, ensuring 

that it meets the criteria for accurate statistical analysis and robust modelling. This 

involves encoding or transforming data to enhance its suitability for statistical 

algorithms, enabling a thorough examination of its features and patterns. The success 

of statistical analyses and subsequent modelling hinges on the meticulous preparation 

of data through pre-processing procedures, ultimately influencing the reliability and 

validity of the statistical outcomes.
167 

Missing or duplicate values could result in an inaccurate interpretation of the 

data's overall statistics. Various strategies are employed to address these gaps:
 

o Data Imputations: This involves replacing missing values with estimated 

ones. The objective is to create a complete dataset. Techniques range from 
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simple mean imputations to more complex methods like k-nearest 

neighbours or multiple imputations. 

o Data Transformations: At times, the data is transformed to a different scale 

or format to make it more suitable for analysis. For instance, logarithmic 

transformations are used to address skewness in data distributions.  

o Dealing with Duplicates: Duplicate values, if unnoticed, lead to 

redundancy and bias. They are typically identified and removed to 

maintain the integrity of the research. 

o Use of Robust Statistical Methods: Some research opts for statistical 

techniques that are less sensitive to missing or outlier values, ensuring that 

the overall findings remain credible. 

o Exclusion of Missing Data: In some cases, it is more appropriate to omit 

data points with missing values, especially if their inclusion could distort 

the findings or if they represent a negligible portion of the dataset. 

Contradictory data points and outliers frequently tend to interfere with 

the model's efficiency, producing inaccurate predictions.
168 

2.3.1.2. Data Reconciliation 

In the context of statistical analysis, potential errors in data proceedings and 

mapping logic during migration introduced uncertainties and inaccuracies in the 

dataset. These errors, ranging from inconsistencies in encoding to issues with 

mapping algorithms, have significant implications for the reliability of statistical 

analyses. In statistical terms, these issues lead to skewed distributions, inaccurate 

measures of central tendency, and compromised statistical inferences. Addressing and 

rectifying these challenges in data migration is essential to ensure the integrity of the 
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dataset and, consequently, the validity of statistical analyses conducted on the 

migrated data.
169 

Data reconciliation (DR) is a data verification method that takes place during 

data migration. In this step, it is determined whether the migration is successfully 

transmitting data by comparing the target data to the source data. Since the accessible 

data sources have several severe restrictions, data reconciliation techniques are crucial 

in the proposed approach.
115

 To create time series with improved quality and identify 

abnormalities in the actual data, methodologies including signal processing, data 

fusion, data reconciliation, and clustering were utilized. It is easy to get carried away 

in the mapping and transformation logic throughout the data migration procedure. 

Data is left in an incorrect condition as a result of several types of errors. These lead 

to a variety of problems, including records that have gone missing, values that are 

missing, incorrect values, records that have been duplicated, values that have been 

badly formatted, or systems that are broken.
117

 Hence it is very important to use data 

reconciliation techniques.
170 

These issues result in a variety of challenges, including: 

● Improperly formatted values 

● Missed records 

● Erroneous values 

● Missed values 

● Duplication of records 
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Without any of the data reconciliation steps, these problems are undetected, 

severely impacting the accuracy of the entire data and producing false. When it comes 

to data reconciliation, the conventional method frequently relies on straightforward 

record counts to determine whether the anticipated number of records were 

transferred. Usually, this was because field-by-field verification took a significant 

amount of processing power. The problem with this is missing records, just one of 

them, during the migration process. Consequently, the other problems won't be 

noticed.
171 

Data reconciliation helps to extract reliable and precise information on the 

state of the industrial process from the measurement data. It also helps you create a 

single data set that indicates the most likely process operation. This results in 

inaccurate information. The various types of data reconciliation techniques include:
 

 Master data reconciliation: The master data is reconciled between source 

and target in master data reconciliation. Mostly, the master data changes 

slowly or static, and no aggregation technique is applied to the dataset. 
172

 

 Transactional data reconciliation: The total sum is utilized in the 

transactional data reconciliation procedure to avoid any mismatches created by 

modifying the granularity of qualifying dimensions.
173

 

 Automated data reconciliation: By making data reconciliation an inherent 

part of data loading, it is simple to automate the process of data reconciliation 

in data warehouse management systems. It enables you to maintain distinct 

tables for importing metadata.
174
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2.3.1.3. Data Fusion 

The process of combining data from various sources to create information that 

is more reliable, accurate, and helpful than data from any single source alone. 

Depending on the step of processing at which fusion occurs, data fusion procedures 

are frequently characterized as high, intermediate, and low. Data fusion is the 

collaborative application of knowledge from several sources to help understand 

phenomena as a whole. Data fusion algorithms were categorized as phenomenological 

and non-phenomenological. The method for fusing data is derived from 

phenomenological algorithms employing an understanding of the physical processes 

as a foundation. These strategies are being pursued by several researchers. Such 

techniques are probably difficult to develop and time-consuming to use.
175 

Contrarily, non-phenomenological techniques frequently neglect the physical 

process and aim to combine information by employing statistics related to individual 

data points. In this context, it is essential to create efficient data fusion methods 

capable of utilising such multi-sensor features, to properly utilise the data collected by 

several sensors or by the same sensor in various measured conditions. The goal of 

data fusion research is to combine the sub-information from several sensors to create 

a comprehensive understanding of the system under analysis. 
176 

2.3.1.4. Clustering Methods 

In the context of COVID-19 analysis, cluster analysis involves the 

identification of similar groups of objects based on relevant data points. The goal is to 

categorize elements into distinct clusters, where all members within a cluster share 

common characteristics. This process allows for the organization of COVID-19 data 
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into meaningful categories or clusters. For instance, one cluster encompassed data 

points related to symptomatic patients, while another cluster could include data points 

of asymptomatic individuals. The primary objective of cluster analysis in this study is 

to discern patterns and relationships within COVID-19 data, facilitating a more 

nuanced understanding of different manifestations of the disease.
177 

2.3.1.5. Real-Time Surveillance 

This is done by proactive testing, tracing, monitoring mobility, etc. The 

implementation and development of surveillance systems‘ capability of detecting 

second pandemic waves are equally relevant in this context. It was used to detect 

events such as monitoring the impact on the health care system and estimating event 

magnitude by applying new case definitions, describing the natural history of disease 

and establishing case definitions for COVID-19 as well as tracking the change in 

disease severity, evaluating event response by assessing the changes in the incidence 

and monitoring.
178 

The combat over COVID-19 calls for modelling techniques to play a 

significant role. Epidemiological models were from the complex spatially distributed 

models to low dimensional compartmental. The modified models provide 

fundamental factors that define the virus's capacity to spread. Additionally, data-

driven parametric inference offers tools for foreseeing the outcomes of chosen 

interventions. However, due to significant issues like non-linearities, incomplete 

observations, and non-identifiability, certain strategies are needed to fit the models to 

the existing data. It is necessary to implement model evaluation, sensitivity analysis, 

validation, and selection procedures. There are other options besides the forecasting 

options provided by epidemiological models. In this situation, a variety of data 
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science forecasting methods were used. Simple linear parametric techniques are 

options. The approaches are either non-parametric or parametric. A few of these 

techniques give probability descriptions of the predictions made. However real-time 

surveillance of the outbreak is an essential component of the 3M approach.
179 

2.3.1.6. Time-Series Theory 

Several advanced approaches from the fields of stochastic processes, time 

series analysis, and signal processing are used in the analysis of COVID-19. When 

describing the COVID-19 raw daily prevalence data, for example, they were utilized 

to enhance the reliability of the initial time series. A statistical technique called time 

series analysis works with data from time series or trend analysis. Time series data 

refers to information that is organized into a series of discrete time intervals or 

periods.
180

 The data falls into three categories: 

● Time series data: A collection of observations about the values a variable 

takes at different times. 

● Cross-sectional data: Data from one or even more variables that have been 

collected simultaneously. 

● Pooled data: A mix of cross-sectional and time series data. 

● Dependence: The relationship between two observations made by the same 

factor at prior time points is known as dependence. 

● Stationarity: Demonstrates the average value of a series that doesn't change 

over time; stationarity is not achieved if historical influences accumulate and 

values rise to infinity. 
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● Differencing: Used to manage the autocorrelations, to make the series 

stationary, and to de-trend; Certain time series analyses do not require over-

differenced and differencing series, that produce erroneous estimations. 

● Specification: Evaluating the non-linear or linear relationships of dependent 

variables using models including ARIMA. 

● Time series analysis and exponential smoothing: Based on the past and 

present value, this approach forecasts the value for one following period. It 

includes averaging the data in a way that each case or observation's non-

systematic components cancel each other out. The short-term prediction is 

made using the exponential smoothing method. Parameters used to estimate 

the impact of the time series data are delta, phi, alpha, and gamma. Alpha is 

applied if there is no evidence of seasonality in the data. Gamma is used 

whenever a sequence of data demonstrates a trend. Delta is used if the data 

shows seasonality cycles. A model is used following the data's pattern.
181

 

2.3.1.7.  The 3M Concept 

Making optimal decisions within the framework of COVID-19 is a 

complicated procedure that necessitates dealing with a substantial level of uncertainty 

as well as the severe repercussions of not responding promptly and with sufficient 

intensity. A road map is provided that leads from the data source towards the final 

decision-making phase. Monitoring, Modelling, and Making decisions are the three 

components of the proposed 3M-an3M analysis
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Figure 1: Workflow Diagram for Pandemic Data Analysis and Decision Support 

System 

2.3.2. Monitoring 

Monitoring in the context of COVID-19 involves the systematic collection, 

analysis, and interpretation of health data essential for planning, implementing, and 

evaluating public health practices. An effective monitoring system is crucial to 

manage the spread of the virus, assess the effectiveness of interventions, and support 

decision-making processes. During the pandemic, monitoring has taken on an 

unprecedented role, with real-time data being used to track infection rates, 

hospitalizations, recoveries, and fatalities. This has enabled health authorities to 

identify hotspots, allocate resources, and inform the public about the risks and 
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necessary precautions. The integration of various data sources into a consolidation 

series has provided a more comprehensive view of the pandemic's trajectory, assisting 

in predicting future trends and potential impacts. By leveraging data-driven methods, 

public health officials monitor the spread of COVID-19 with greater precision, 

leading to more informed strategies for containment and mitigation.
183 

2.3.2.1 SWOT Analysis of Data-Driven Methods in the COVID-19 

Pandemic 

The SWOT (Strengths, Weaknesses, Opportunities, and Threats) framework 

was used to evaluate the COVID data analytical model. The SWOT analysis is a 

strategic planning tool that helps identify and assess the internal and external factors 

that affect success. COVID-19 SWOT analysis is essential for developing a 

communication rhythm and effective decision-making skills in challenging situations. 

The goal of a COVID modelling SWOT is to classify the immediate negative and 

positive impact of external and internal forces, resulting in a four-category SWOT 

matrix.
184 

Strengths: The strengths of statistical models in the context of COVID-19 are 

numerous. They offer a predictive lens through which we estimate the trajectory of 

the virus, helping to anticipate case surges and enabling proactive responses. These 

models synthesize complex and varied datasets into actionable insights, which are 

critical for informing public health strategies. By evaluating trends and patterns, 

statistical models have been fundamental in forecasting demand for medical supplies, 

hospital capacity needs, and the potential impact of public health interventions. This 

modelling has been indispensable for strategic planning, allowing governments and 

health organizations to prepare and respond effectively to the evolving pandemic.
185 
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Weakness: Analyzing the weaknesses of statistical models of COVID-19 is of 

paramount importance in the ongoing battle against the pandemic. Statistical models 

have played a crucial role in informing public health decisions, resource allocation, 

and policy implementation. However, they are not without limitations. Identifying and 

addressing these weaknesses is essential for improving the accuracy and reliability of 

COVID-19 predictions.
186 

Opportunity: Analyzing the opportunities presented by statistical models of 

COVID-19 is crucial for several reasons. These models play a significant role in 

shaping public health policies and strategies for managing the pandemic. 

Understanding the opportunities, helps policymakers make informed decisions to 

mitigate the spread of the virus, allocate resources efficiently, and protect vulnerable 

populations.
187 

Threats: The threats associated with relying on statistical models for COVID-

19 management stem primarily from the uncertainty and variability of pandemic 

dynamics. Models are inherently built on assumptions that do not always capture the 

rapidly changing conditions or the emergence of new virus variants. There is also the 

risk of data inaccuracy or incompleteness, which leads to misguided predictions and 

responses. Public misinterpretation of model predictions further complicates the 

public health response, leading to complacency or panic. Moreover, overreliance on 

models overshadows the need for adaptable and flexible policy-making that quickly 

responds to new information beyond what models predict.
188 

 

 



Materials and Methods 

 Page 48 

 

2.3.2.2 Consolidated Time-Series 

Consolidated time-series data refers to the aggregation of time-stamped data 

points into a coherent, chronological sequence. In the context of COVID-19, this data 

includes daily or weekly counts of cases, hospitalizations, recoveries, deaths, and 

other relevant information, recorded over a specific time frame. These data points are 

crucial for understanding the dynamics of the pandemic and making informed 

decisions.
189 

Consolidated time series in COVID-19 estimation and monitoring are done for 

the following: 

 Trend analysis: Consolidated time-series data allows statisticians and 

epidemiologists to identify trends and patterns in the spread of the virus. This 

is essential for predicting future outbreaks and understanding the effectiveness 

of interventions. 

 Model calibration: Statistical models, such as SEIR (Susceptible-Exposed-

Infectious-Removed), rely on consolidated time-series data for calibration. By 

fitting the model to historical data, researchers fine-tune parameters and make 

more accurate predictions. 

 Epidemiological parameters: Parameters like the reproduction number (  ) 

and the serial interval are estimated using time-series data. These parameters 

are critical for assessing the virus's transmission dynamics and the impact of 

control measures. 

 Resource allocation: Healthcare systems rely on consolidated time-series data 

to allocate resources effectively. Hospitals anticipate surges in cases and plan 

for the allocation of beds, ventilators, and medical staff. 
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 Evaluation of interventions: Monitoring the effects of interventions, such as 

lockdowns, mask mandates, and other campaigns, is possible through time-

series data. It helps policymakers understand which measures are most 

effective in curbing the spread of the virus. 

 Early warning systems: Time-series data is used to develop early warning 

systems that alert authorities to potential outbreaks or hotspots, allowing for 

swift responses to contain the virus's spread. 

Using the consolidated time-series data, several statistical models were 

developed: 

 ARIMA (Auto Regressive Integrated Moving Average): This model captures 

the autocorrelations in the time-series data and has been used to forecast future 

cases. 

 SEIR (Susceptible, Exposed, Infected, Recovered) model: This compartmental 

model provides insights into the spread of the virus in populations over time. 

Consolidated time-series data forms the backbone of statistical models used in 

the estimation and monitoring of COVID-19. It provides a rich source of information 

that enables accurate predictions, effective resource allocation, and evidence-based 

decision-making. As the pandemic continues to evolve, the importance of high-

quality, timely, and consolidated data cannot be overstated in the battle against 

COVID-19.
190 

a. Clustering Methods 

Clustering analysis is applied to time-series COVID data to identify patterns 

or trends over time. By clustering data points from similar periods, the study monitors 
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and categorizes phases or waves of the pandemic, understanding the similarities or 

differences in disease progression, transmission rates, or other relevant metrics. This 

helps in real-time monitoring and forecasting potential future trends based on past 

clustered patterns. Cluster analysis is a multivariate method that aims to classify 

subjects based on a set of measured variables into several different groups such that 

similar subjects are placed in the same group. These methods group the data sets into 

clusters, such that the data sets within one cluster are more related to each other than 

the data sets in different clusters. In the context of COVID-19, these methods help 

identify patterns in the spread of the virus by grouping regions, individuals, or cases 

with similar epidemiological and demographic characteristics. 
191 

There are several clustering techniques commonly applied to COVID-19 data: 

 K-means clustering: K-means is a widely used clustering method that 

partitions data into K clusters. In COVID-19 analysis, K-means group areas 

with similar infection rates, population density, or healthcare infrastructure, 

helping identify hotspots or areas with unique characteristics. 

 Hierarchical clustering: Hierarchical clustering creates a tree-like structure of 

clusters, making it useful for exploring data at multiple scales. In the context 

of COVID-19, this method revealed relationships between regions, allowing 

for the identification of clusters of interest. 

 Agglomerative clustering: Agglomerative clustering starts with individual data 

points and progressively merges them into larger clusters. In monitoring 

COVID-19, this method highlighted how cases or regions evolve over time, 

revealing emerging trends. 
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Hierarchical cluster analysis was used in this study for the estimation and better 

lockdown relaxation strategies that could be implemented are also suggested in the 

study. To form a recommendation cluster, the data of COVID-19 cases among 

different states in India are used.
192

 Common methods include:  

Euclidean Distance 

 (   )   √∑(     ) 
 

   

 

Manhattan Distance: 
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The study examines the shifting pattern of the COVID-19 outbreak across 

various states in India before and during the lockdown. This analysis is based on 

hierarchical clustering of states using data on confirmed, death, and recovered cases. 

Two distinct periods are considered: the 20 days leading up to the lockdown (March 

5, 2020 - March 24, 2020) and the 20 days of the lockdown (March 25, 2020 - April 

13, 2020). The baseline for cluster analysis comprises Indian states with more than 

500 confirmed cases.
 

To account for the fact that people were stranded in different states due to the 

lockdown, the study uses the total population of each state as the population residing 

in that state during the lockdown period. Additionally, hierarchical cluster analysis is 

applied to the trend line coefficients of the respective states, with the resulting 

dendrograms illustrating the shift in trends. The study incorporates data on the 

number of individuals in different Indian states who were confirmed COVID-19 

cases, those who succumbed to the disease, and those who recovered from it.
193 
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 Quartile Based Clusters 

A quartile divides the data set into three points, a lower quartile Q1 (25%), 

median Q2 (50%), and upper quartile Q3 (75%). Now, we map out the four groups 

formed from these quartiles. The first group contains the lowest number up to Q1; the 

second includes Q1 to the median; the third contains median to Q3; the fourth 

category contains Q3 to the largest value in the data set.
194 

The method of locating quartiles is similar to that method used for finding the 

median. Q1 is the value of the item at (n + 1)/4
th

 position and Q3 is the value of the 

item at 3(n + 1) / 4
th

 position when actual values are known.   
 

For a row data if there are odd numbers of observations there will be only one 

middle value and it will be the median. That means if there are n observations 

arranged in order of their magnitude, the size of (n+1)/2nd observation will be the 

median or Q2. If there are even numbers of observations the average of two middle 

values will be the median. Median will be the average of n/2
th

 and (n/2) +1
th

 

observation.
195 

b. Time-Series Theory  

A Box-Jenkins approach to time series analysis is used for forecasting the 

confirmed cases of COVID-19 in India. A time series is a sequential set of data 

points, measured typically over successive times. It is mathematically defined as a set 

of vectors x(t), t = 0,1,2,... where t represents the time elapsed. The variable x(t) is 

treated as a random variable. The measurements taken during an event in a time series 

are arranged in a proper chronological order. It was used to examine how the changes 
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associated with the chosen data point compare to shifts in other variables over the 

same period.
196 

I. Time Series Plot 

A time series plot of the data is sketched to evaluate the trend of the data. The 

time-series plot is the most frequently used form of graphic design. It is a 2-

dimensional plot in which the X-axis shows the range of days and the Y-axis shows 

the COVID-19 cases corresponding to the respective days. 

II. ARIMA Model 

The ARIMA (p, d, q) model is given by: 

 ( )(   )d 
 Zt  =  (B)at 

where we define,         

 (B) = 1- 1B- 2B
2
- 2B

2
-.....- pB

p
 

 (B)=1- 1B- 2B
2
- 2B

2
-.....- qB

q
 

Where B is the backshift operator, it is a white-noise process,   and  are the 

AR and MA model parameters respectively. The future value of a variable is assumed 

to be a linear combination of past observations and a random error together with a 

constant term in an AR(p) model. The integration parameter d is a nonnegative 

integer. When d = 0 we have the usual ARMA model, that is ARIMA (p, 0, q) ≡ 

ARIMA(p, q).
197 

Mathematically the AR(p) model is expressed as: 

yt = c+υ1yt-1+ υ2yt-2+……………..+ υpyt-p+ εt 

MA(q) model is given by: 

yt = μ +θ1 εt-1 +θ2 εt-2 +........ +θq εt-q + εt 
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Here yt and εt are respectively the actual value and random error at period t, ϕi 

(i = 1,2,...,p) are model parameters and c is a constant. An ARMA (p, q) model is a 

combination of AR(p) and MA(q) models which are obtained from ACF and PACF 

plots.
198 

The autoregressive (AR)(p) time series model component is used for the 

forecast of future values of dependent observations. The moving average (MA)(q) 

model deals with past forecast errors for the forecast of the future dependent value. 

Both the AR and MA combination make the ARIMA model, to deal with the 

stationary data value. A third component, integrating (I) to convert the observations 

using a differencing series is utilized for the non-stationary values. The differencing 

order value was used for the model forecast for COVID-19 confirmed cases to avoid 

any misleading observed.
199 

III. Augmented Dicky Fuller Test  

The stationarity of the data is scrutinized through an Augmented Dickey-Fuller 

(ADF) test. The Augmented Dickey-Fuller test allows for higher-order autoregressive 

processes by including  yt-p   in the model. But our test is still if  = 0. 

 yt= +  t +  yt-1 +  1 yt-1+  2yt-2… 

The null hypothesis is, H0: ɸ1 ≠ 1 i.e., the process contains a unit root and it is 

non-stationary and the alternative hypothesis is, H1: ɸ1 = 1 i.e., the process does not 

contain a unit root and therefore it is stationary. 
200 

The level of significance ( ) is taken as 0.05. If the p-value exceeds   , we accept the 

null hypothesis and if the p-value is less than 0.05, we reject the null hypothesis. 
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IV. Model Selection Criteria  

a. Autocorrelation and Partial Autocorrelation Function 

From ACF and PACF plots, we determine the order of AR(p) and MA(q). The 

amount of correlation between a variable and a lag of itself is a partial autocorrelation. 

The autocorrelation of a time series y at lag 1 is the coefficient of correlation between 

yt and yt-1, which is presumably also the correlation between yt-1 and yt-2.
201 

b. Akaike Information Criteria 

Akaike‘s information criterion compares the quality of a set of statistical models 

to each other.
202

  

It is usually calculated as: 

AIC = -2(log-likelihood) + 2K 

Where, 

● K is the number of model parameters. 

● Log-likelihood is a measure of model fit. The higher the number, the 

better the fit. This is usually obtained from statistical output. 

ARIMA (0, 1, 2) is identified as the better model with the lowest AIC value.  

The Auto-Regressive Integrated Moving Average (ARIMA) model is fitted for 

the data to generate short-term predictions and to analyse the disease-based trajectory 

model. Time series data with trends or seasonality will affect the value of the data at 

different times.
203 
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V. In-Sample Forecasting 

In-sample forecasting is done to determine the performance of the ARIMA 

(0,1,2). It utilizes a subset of the available data to forecast values outside the 

estimation period. The in-sample forecasted data is cross-checked with real-time data 

and if not, much variation is observed then accepted.
204 

VI. Residual Analysis 

Residual analysis is performed to check the model's adequacy. The basic 

assumption in residual analysis is that the variables are uncorrelated. The Conditional 

Sum of Squares (CSS) method is used for estimating the ARIMA (0,1,2) model in the 

residual analysis. The residuals in a time series model are what is left over after fitting 

a model. For many time series models, the difference between the observations and 

the corresponding fitted values gives the residuals.
205 

Residual = Estimated value - True value 

          ̂  

Where, yt is the observed value of model parameters and ŷt is the fitted value. 

VII. Shapiro Wilk Test 

The null hypothesis of the Shapiro-Wilk test is that the population is normally 

distributed. The test statistic is: 

W = 
(∑   
 
     )

 

∑ (  
 
     ̅)  

 

Where, W is the test statistic, n is the sample size, xi is the ordered sample 

values and ai are the constants generated from means, variances and covariance from 

the order statistics from a normal population and  ̅ is the sample mean. The level of 

significance is taken as 0.05. If the p-value < 0.05, the null hypothesis is rejected and 

concluded that the test data is not normally distributed.
206 

https://en.wikipedia.org/wiki/Test_statistic
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VIII. Ljung Box Test 

The basic assumption in residual analysis is that the variables will be 

uncorrelated. The autocorrelation of the data is tested through the Ljung Box test. It is 

a diagnostic test used for the lack of fit of a time series model. The Ljung Box test is 

applied to the residuals of a time series after fitting an ARMA (p,q) model to the data. 

The test examines n autocorrelations of the residuals and if the values are small, the 

model exhibits no significant lack of fit. Here the null hypothesis, H0: the model does 

not exhibit a lack of fit is tested against the alternative hypothesis, H1: the model 

exhibits a lack of fit.
207 

The test statistic is given by  

   (   )∑
 ̂ 
 

   

 

   

 

Where Q is the test statistic, n is the sample size in the time series,  ̂  is the estimated 

autocorrelation at lag k, and h is the number of lags being tested. The test rejects the 

null hypothesis if Q > χ
2

(1-α,h), where χ
2

(1-α,h) is the Chi-square value with h = m – p – q 

degrees of freedom and α level of significance (here p and q are the parameters of 

ARMA model fit to the data). 

IX. Forecasting 

The trajectory of COVID-19 is predicted through a short-term forecast. After 

an appropriate time, series model has been fit, the model is used to generate forecasts 

of future values. If the current time is denoted by T, the forecast for yT+𝜏 is called the 

𝜏-period-ahead forecast and is denoted by ŷT+𝜏 (T). The accurate method to use in 

identifying the best forecast is the mean squared error for which E[(yT+𝜏   ŷT+𝜏 (T))2] 
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= E[eT(𝜏)2
], is minimum.

208
 It was shown that the best forecast in the mean square 

sense is the conditional expectation of yT+𝜏 given current and previous observations, 

that is, 

yT,yT 1,…:ŷT+𝜏 (T) = E [yT+𝜏| yT, yT 1, …] 

X. Interrupted Time Series Analysis 

An Interrupted Time Series analysis (ITS) is used for tracking a period before 

and after a point of intervention to assess the lockdown effect. To identify the same, 

the data is classified into two groups, from January 30, 2020 to March 24, 2020 

(before lockdown) and from March 25, 2020 to May 8, 2020 (during lockdown). The 

effect of an intervention on an outcome variable either for a single treatment group or 

when compared with one or more control groups was estimated using the ITS 

command. The options in ITS analysis allow control for auto-correlated disturbances 

and to estimate treatment effects over multiple periods.
209 

2.3.2.3 Estimation of the State of the Pandemic 

a. Measures of Disease Severity 

Disease severity among selected Indian states and union territories is estimated 

using Case Fatality Rate (CFR), Recovery Rate (RR), and Mortality Rate (MR).  

States and union territories in which at least 100 cases are reported as of 31
st
 May 

2020 are selected for measuring severity. 
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I. Case Fatality Rate 

In epidemiology, CFR is used to measure the disease severity and to predict 

the disease outcome.
210

 The CFR is a ratio, which gives the proportion of people who 

die from a particular disease out of all the infected people during a certain period. 

CFR ranges between 0 and 1 (0% and 100%); it measures the risk of a disease in 

terms of disease mortality. Higher CA higher indicates poor outcomes. In the case of 

COVID-19 disease, CFR acts as a better estimate for understanding the outbreak and 

epidemiological features of the disease.
211

  

CFR is calculated by using the following formula: 

    
                                            

                                         
     

II. Recovery Rates 

Recovery rate often refers to the rate of transition from a state of being infected with a 

disease to a state of recovery from that disease. Recovery rates are used for 

understanding disease dynamics. Recovery rates give us an understanding of the 

progress of an infectious disease in a group of people. In this study, we are using the 

recovery rates of selected South Indian states to estimate the disease severity.
212

 

Recovery rates calculated by using the formula: 
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III. Mortality Rate 

Mortality rate also referred to as death rate is the measure of the number of 

deaths in a population to the total population per unit of time.
213

 It gives the frequency 

of death in a defined population in a specific interval of time. It is expressed in units 

of death per 1000 individuals per year. The mortality rate is calculated by using the 

following formula: 

   
                                           

                                                      
     

In the case of the COVID-19 pandemic, the mortality rate is given by: 

   
                                 

                
        

It is the number of deaths from COVID-19 per 100,000-person year at risk. It 

is usually calculated separately for different geographic areas. In this study, we are 

estimating the mortality rate of COVID-19 disease for each selected state separately 

over a particular period. 

b. Real-Time Epidemiology 

The purpose of this method was to estimate the basic reproduction or the basic 

reproduction ratio (  ) of COVID-19 in India using mathematical models and also to 

find the growth factor using the exponential growth model. The basic reproduction 

number is defined as the expected number of infections produced by a single infected 

person in a susceptible population.it is a measure of the potential spread of the disease 

in a population.  When  > 1 the infection is expected to continue in the population 

and if   < 1 disease will die out. The dynamics of the infection depend on the basic 

reproduction ratio. To estimate the basic reproduction number, the study employs the 
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basic Susceptible-Infected-Removed (SIR) and Susceptible-Infected-Recovered-

Death (SIRD) epidemic models.
214

  

c. SIR model 

The SIR model considered in this study is based on the simple case proposed 

by Kernmak and McKendrick in 1932. An SIR model is an epidemiological model 

that computes the theoretical number of individuals infected with a contagious illness 

in a closed population over time. In an SIR model, the whole population is divided 

into three compartments: Susceptible(S), Infected (I), and Removed(R) which include 

both recovered and deceased.  

Susceptible denoted by S: Individuals in the population who have not been 

infected. They are healthy but at risk of becoming infected. Once they have contracted 

the infection, they move into the infected sub-group. Infected is denoted by I: Infected 

individuals who are contagious or are carriers. They infected susceptible individuals. 

Removed is denoted R: Individuals who have recovered or died from the disease. 

Unfortunately, the SIR model does not describe the difference between immunity, 

non-immunity, and even innate immunity.
215

 

 

Figure 2: The diagrammatic representation of the SIR model 
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The basic assumptions of the SIR model
216

: 

 The total size of the host population remains constant (S + I + R = N). 

  The population should mix homogeneously.  

  It will not allow any host demographic turnover (either birth or death) in the 

period of the epidemic, and all infections are assumed to end with recovery or 

removal from compartments. 

  A person leaves or discharges from the susceptible compartment only by 

becoming infected.  

  A person leaves or discharges from the infected compartment only by 

recovering from the disease. 

  The probability of being infected does not depend on factors such as age, 

gender, or social status.  

 During epidemics, susceptible individuals isolate themselves from infection, 

or take other protective measures.  

  The recovery rate is constant over time. 

 The model assumes that a recovered person will become immune and hence 

cannot spread the disease. 

 The dynamical equations are of first order:  

dS /dt =   rate of new infections 

dI /dt = rate of new infections   rate of recovery 

dR /dt = rate of recovery 
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The following is the first-order differential equation: 

  

  
   

  

 
 

  

  
  

  

 
    

  

  
    

                                                         

New infections occur through contact between infected and susceptible 

individuals, and the rate of change is proportional to the number of interactions. The 

number of susceptible individuals decreases as individuals come into contact with the 

infected: 

   

  
   

  

 
 

When susceptible become infected, they leave the susceptible compartment 

and join the infected. Thus, the total number of infected individuals increases. Vice 

versa, the hosts leave the infected compartment and join the recovered group. Since β 

is assumed constant, this implies that the rate of change is dependent on time as the 

size of the infected group varies: 

  

  
  

  

 
    

Since infected individuals only leave the compartment by joining the new 

Removed compartment, it only changes through the addition of those recovered from 

infection. The recovery rate is given by the constant parameter. 
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The parameter controlling how often a susceptible-infected contact results in a 

new infection is the transmission rate   and the rate at which an infected person 

recovers and moves into the resistant phase is called the recovery rate   . 

To determine if there is an epidemic, we look at the steadiness of the disease-

free equilibrium. We only need to consider the variable I (t). The condition for an 

epidemic to occur is  > 0.  

We have: 

  
  

 
    > 0 

 

 
 
 

 
 > 1 

At the beginning of an epidemic, everyone in the population is susceptible, i.e. 

implies S ≈ 1. For S = 1, we obtain the condition 

      
 

 
 

The dynamics of the infection depend on the basic reproduction ratio. 

d. SIRD Model 

The Susceptible-Infected-Recovered-Death (SIRD) model is an extension of the 

SIR model where the recovered compartment is split into recovered and deceased. In 

the SIRD model, the whole population N is subdivided into four compartments: 

Susceptible(S), Infected (I), Recovered (R), and Dead (D).
217 
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The differential equations for the SIRD model: 

  

  
   

  

 
 

  

  
  

  

 
       

  

  
    

  

  
    

Where the parameters are: 

  : transmission rate 

  : recovery rate 

d : death rate 

 It will not allow any host demographic turnover (either birth or death) in the 

period of the epidemic, and all infections are assumed to end with recovery or 

removal from compartments. 

 A person leaves or discharges from the susceptible compartment only by 

becoming infected.  

  A person leaves or discharges from the infected compartment only by 

recovering from the disease. 

  The probability of being infected does not depend on factors such as age, 

gender or social status.  

 During epidemics, susceptible individuals isolate themselves from infection, 

or take other protective measures.  

  The recovery rate is constant over time. 
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 The model assumes that a recovered person will become immune and hence 

cannot spread the disease. 

To find the basic reproduction number, the available data, and the predicted 

values were fitted using the least square method. The least-square fit chooses a 

parameter value x which minimizes the sum of the square of residuals. Curve 

fitting by the method of least squares concerns combining a set of measurements to 

derive estimates of the parameters that specify the curve that best fits the data.
218,219

  

e. Exponential Growth Model 

The exponential growth model gives the number of cases at a certain time 

point. The first period of epidemics follows exponential growth.
220

                                                                                                       

The formula of exponential growth is: 

                                                              ( )       
                                                                   

Where  ( ) is the number of infections at t,     initial number of cases and   

number of people infected by each sick person (growth factor). 

For estimating the growth factor the study needs to rewrite the exponential 

growth model formula in the form: 

        

The study needs logarithms to rewrite the exponential growth formula in a form that 

has linear regression: 

    ( )     (  )     ( )    
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The study performed linear regression analysis to estimate the values of 

constants (a and b). The study models the epidemic curve by employing exponential 

growth. The predicted values using the exponential growth model and the infected 

number of cases reported are fitted using linear regression to estimate the growth 

factor.  

f. Epidemic wave Insights  

A statistical model was developed to study the Epidemic wave and the duration 

of patients in COVID-19 for each state of India. Data was taken directly from the first 

day of reporting for each state.
220

 Telangana was removed from the analysis due to the 

inappropriateness of the reported data. The complete data of Tripura was also 

unavailable in the dataset.
221 

A fundamental relation between Incidence and prevalence is given as:  

                (          )  (        ) 

                                       (                                  )

  (                            ) 

                            
                                        

                                 
 

The regression analysis has been used to understand the average duration of 

COVID-19 in various Indian states. This study used the cumulative number of new 

cases as the predictor variable and cumulative active cases as the outcome variable. 

Log transformations were used to attain the assumptions of the regression model. The 

first case reporting day in each state was used as the linear regression model's starting 

point. The coefficient of determination (  )
 
is evaluated to assess the good fit of the 
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model. The 95% confidence interval (CI) is calculated from the standard error of the 

slope. 

The models to estimate the Active Cases on     day was:  

 ̂              
 
 and  ̂             

       
 
 

Where, A=    , B =    and                               are the Regression 

Coefficients. 

95% Confidence Interval (CI) of predicted active cases on each day was computed as:   

      

                        (              )          (                      (             ))  

          
         

 
           (

 
 
 
 
 
 
 
 
 
 
 
)
 

Where, S.E. for Quadratic model was computed as: 

    (                                          )

     √
 

 
 
(      ̅) 

∑(     ̅)   
 
(      ̅  ) 

∑(      ̅ )   
 

Where S.D. is the Standard Deviation of y, which is calculated as: 

     √
∑(   ̂) 

   
 

Where, y is the log transformation of seven days moving average of Total Active 

Cases,  ̂ is the predicted number of the Active Cases, and 'n' is the number of days 

Active Cases were observed.  
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2.3.3. Modelling 

2.3.3.1 Growth Models 

The mathematical growth models develop a differential equation, using the 

dynamic nature of the disease and the rate of its spread to better predict future 

predictions.
222

 

Assumptions: 

 The population is closed. 

 Lockdown restrictions imposed on the population remain the same 

throughout the projection period. 

 The deaths and recoveries among the diseased population are not 

considered. 

 Age–dependent effects in the transmission of COVID-19 are not 

considered. 

a. Exponential Growth Model 

The exponential model is associated with the name of Thomas Robert Malthus 

(1766-1834) who first realized that according to a geometric series, any species could 

potentially increase in numbers. The growth rate of the population in exponential 

growth is directly proportional to the size of that population. In the caseCOVID-19- 

19, exponential growth at a particular point in time gives the number of cases (number 

of infections). Several epidemiological studies suggest that exponential growth 

happens in the first period of any epidemic.
223 
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The mathematical model for exponential growth is: 

                                        ( )     
                                                                        

Where I(t) is the number of infections at time t. I0 is the initial number of 

cases, r is the number of people infected by each sick person (growth factor), which is 

an important measure for the spread. 

Exponential growth just fits the epidemic in its initial stages, there are situations 

like recovered people no longer spread disease or every individual in the population 

becomes infected, and then we have to use some other growth model that will 

consider situations like hitting the carrying capacity of growth. 
224 

b. Logistic Growth Model 

The logistic growth model or Verhulst model, after the name of Belgian 

mathematician Pierre Verhulst, is used to describe biological systems in connection 

with population growth among different restrictions (limited resources for growing). 

It is commonly used to explore the risk factors of a certain disease, and to predict the 

likelihood that a certain disease will occur according to the risk factors. Through 

logistic regression analysis, the development and transmission law of epidemiology 

were predicted. At first, the logistic growth model is roughly exponential, but it has a 

reduced growth rate as the output approaches the upper bound of the model, called the 

carrying capacity. The model of logistic growth is a mathematical model applicable in 

many situations.
225 

In logistic growth models, the growth rate increases at the beginning period, and 

then, as it reaches its maximum it begins to decline in the later stages. The COVID-19 

outbreak was tracked using a logistic growth model. In the case of COVID- 19 
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disease this maximum limit refers to the total population in the world, because, when 

the whole world gets sick, the growth will necessarily lower. In short, logistic growth 

involves initially exponential growth, and then declines. The reason for using logistic 

growth to model the COVID-19 outbreak is that during the first period of its outbreak, 

these types of epidemics follow exponential increases.
226 

Logistic growth is expressed as: 

 ( )   (     
   )⁄  

Where I(t) is the total number of infections at time t. I0 is the initial number of 

cases, k is the carrying capacity of an epidemic and r is the maximum number of 

cases. 

c. Gompertz Growth Model 

The model was originally proposed as an animal population growth model by 

Benjamin Gompertz (Gompertz, 1825), to describe the population's extinction law.
160

 

Infectious disease development is similar to the growth of individuals and 

populations. The Gompertz model is selected in this study to describe the spread law 

of infectious diseases, and to study the factors that control and affect COVID-19 

spread. COVID-19 growth resembles Gompertz's growth at the beginning and end of 

time when there is slow growth.  This model gives the best fit when the dataset 

follows a smooth curve.
227 

Gompertz's growth is given by; 

 ( )     
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Where I0  is the initial number of cases, k is the carrying capacity of an 

epidemic, r is the growth rate. 

d. Bertalanffy Growth Model 

The Bertalanffy model often serves as a model of growth. It is mainly used to 

study the factors which control growth and influence it.
161

 It is used to describe the 

characteristics of fish growth. Also, other species were used to describe animal 

growth, such as pigs, horses, cattle, sheep, etc., and other infectious diseases. 

Infectious disease development is similar to the growth of individuals and 

populations. The Bertalanffy model is selected in this study to describe the spread law 

of infectious diseases and to study the factors that control and affect COVID-19 

spread.
162

 The spread law of the pandemic COVID-19 and related factors were 

studied using the growth-affecting Bertalanffy model. It deeply explains the factors 

affecting growth.
228 

The Bertalanffy growth model is; 

                                                  ( )   (      )                                                             

Where I0  is the initial number of cases, k is the carrying capacity of an epidemic, r is 

the growth rate. 

a. Estimation of Parameters 

o Curve Fitting Method 

For the estimation of model parameters, the curve fitting method is adopted. 

Curve fitting is the way we model or represent a spread of data by assigning a 'best fit' 

(curve) function along the entire range. Ideally, it will capture the data trend, and 
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enable us to predict how the data series will behave in the future.
163

 For a given set of 

data, curve fitting is the process of introducing mathematical relationships between 

dependent and independent variables in the form of an equation. For curve fitting the 

least square method is used.
229 

o Method of Least Squares 

In fitting a curve by the method of least squares, the parameters of the curve 

are estimated by solving the normal equations which are obtained by applying the 

principle of least squares concerning all the parameters associated to the curve jointly 

(simultaneously). However, for a curve of higher degree polynomial and or for a 

curve having many parameters, the calculation involved in the solution of the normal 

equations becomes more complicated as the number of normal equations then 

becomes larger. Moreover, in many situations, it is not possible to obtain normal 

equations by applying the principle of least squares concerning all the parameters 

jointly. These lead to thinking of searching for some other method of estimating the 

parameters. For this reason, a new method of fitting a curve has been framed which is 

based on the application of the principle of least squares separately for each of the 

parameters associated with the curve. The method of least squares helps us to find the 

values of unknown parameters in such a way that the following two conditions are 

satisfied.
230 

The sum of the residual of observed values Y and corresponding expected 

values of Y will be zero, 

 ∑(   )̂    
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The sum of the squares of the residual of observed values Y and 

corresponding expected values ( )̂ should be at least ∑(   )̂ .
 230

 

o Model Evaluation 

Model Evaluation is an integral part of the model development process. It 

helps to find the best model that represents our data and how well the chosen model 

will work in the future. Evaluating model performance with the data used for training 

is not acceptable in data science because it easily generates overoptimistic and 

overfitted models. The efficiency of an estimator was measured by its performance. 

The fitting ability of growth models is compared using the coefficient of 

determination. The coefficient of determination is the square of the correlation (r). It 

measures the variability between the predictor variable and the variable expected or 

the deviation between the fitted line and the real data. It is also known as ―goodness 

of fit‖.    ranges from 0 to 1 (0% to 100%). If the value of   is close to 1, it indicates 

that the model is a good fit for the data available. The variation increases as it deviates 

from 1. A value near to or equal to 0 shows no relation between the predictor and the 

predicted variable.
231

 It was calculated by using the following formula; 

   
       

   
   

   

   
 

Where TSS is the total sum of squares and RSS is the residual sum of squares i.e. the 

sum of squares due to regression. 
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2.3.3.2 Prediction Model 

a. Distribution fitting of COVID-19 

Here a statistical distribution is evaluated that best fits the data of COVID-19 

mortality in India by using the MLE method. For distribution fitting, the choice of 

distribution is limited to continuous distributions. By inspecting the nature of our data, 

the candidate distributions are chosen. The major steps involved in distribution fitting 

are: the choice of suitable distributions, parameter estimation, and finding the best 

fit.
232 

The first step is the choice of candidate distributions for fitting distributions to 

the data. Henceforth histogram and empirical distribution were plotted to check the 

normality and afterward, the data was obtained as right-skewed. Then the Weibull, 

Gamma and Lognormal distributions for the data are considered. The next step is to 

estimate the value of the unknown parameter of the chosen distribution. The 

maximum likelihood estimation method (MLE) is the most commonly used method to 

estimate the value of unknown parameters. In this method, the likelihood of the 

function is maximized with respect to the parameter. To understand the best fit among 

the distributions, consider three values such as log likelihood, AIC, and BIC values 

are considered. A maximum log likelihood value and lower AIC and BIC value is the 

criterion for finding the best fit. The goodness of fit plots such as density plots, CDF 

plots, Q-Q plots, and P-P plots are plotted. These plots were also helpful in 

determining the best-fit distribution.
233 

To describe a distribution among a set of parametric distributions, descriptive 

statistics was used. Weibull, Gamma, and Lognormal distributions to find the best-
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fitted distribution among them. f(.|θ) (with parameter θ ∈ R 
d
) was fitted to the data 

set, one at a time, after selecting one or more parametric distributions. 
 

I. Weibull Distribution 

 The probability density function of a Weibull random variable is: 

                       f(X = x; λ,k)          
 

 
(
 

 
)
   

 ( 
 

 
)
 

                                                         

                                                           0                   < 0                                        

 where k > 0 is the shape parameter and λ >0 is the scale parameter of the distribution 

The Weibull distribution is a continuous probability distribution used to 

analyse life data, model failure times, and access product reliability. It is an extreme 

value of probability distribution that is frequently used to model reliability, survival, 

wind speeds and other data. The only reason to use Weibull distribution is because of 

its flexibility. Because it simulated various distributions like normal and exponential 

distributions. Weibull distribution reliability is measured with the help of 

parameters.
234

 The two versions of the Weibull probability density function (pdf) are 

 Two parameter pdf 

 Three parameter pdf 

II. Gamma Distribution 

The gamma distribution represents continuous probability distributions of two-

parameter families.
235

 Gamma distributions are devised with generally three kinds of 

parameter combinations. 

If X is a continuous random variable, then the probability density function is: 

f(xǀα,λ)   =       
  

 ( )
                 with x ∈    
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●   α = the shape parameter. 

●  (sometimes θ is used instead) = The rate parameter (the reciprocal of the scale 

parameter). 

α and   are both greater than 1. 

When α = 1, this becomes the exponential distribution. 

When   = 1 this becomes the standard gamma distribution. 

Alpha and lambda define the shape of the graph. 

III. Lognormal Distribution 

The lognormal distribution is commonly used to model the lives of units 

whose failure modes are of a fatigue-stress nature. Since this includes most, if not all, 

mechanical systems, the lognormal distribution has widespread application. 

Consequently, the lognormal distribution is a good companion to the Weibull 

distribution when attempting to model these types of units. As surmised by the name, 

the lognormal distribution has certain similarities to the normal distribution. A 

random variable is log-normally distributed if the logarithm of the random variable is 

normally distributed. Because of this, there are many mathematical similarities 

between the two distributions. For example, the mathematical reasoning for the 

construction of the probability plotting scales and the bias of parameter estimators is 

very similar for these two distributions.
236

 A positive random variable X is log-

normally distributed if the logarithm of X is normally distributed 

Ln(X) ~ N(µ,  ) 

Distribution parameters were by default estimated by maximizing the 

likelihood function. 
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a. MLE Method 

The maximum likelihood estimator (MLE) of a parameter θ (or a series of 

parameters) was used as an estimate of the parameters of a distribution. For a sample 

the likelihood function is defined by L(θ) = ∏  (   | ) 
     according to the i.i.d. 

sample assumption, where xi is the n observations of variable X and f(.|θ) is the 

density function of the parametric distribution.
237

  

Goodness of fit 

The goodness of fit test is a statistical hypothesis test to see how well sample 

data fit a distribution from a population with a normal distribution.
168

 This test shows 

if the sample data represents what one would expect to find in the actual population or 

if it is somehow skewed. Goodness-of-fit establishes the discrepancy between the 

observed values and those that would be expected of the model in a normal 

distribution case.
169

 Maximum goodness of fit estimation also called the minimum 

distance estimation method consists of three different kinds of distances. These are 

Cramer-Von Mises distance, Kolmogorov - Smirnov distance and the classical 

Anderson Darling distance.
238 

Along with the goodness of fit tests, the distribution graphs were very helpful 

in determining the best-fitting model. The fundamental difference of this approach is 

that it is quite subjective: while the goodness of fit tests is "exact" in the sense that the 

results do not depend on the researcher (provided that the tests are performed 

correctly), using various graphs is a more empirical way to analyze your data. 

There are several commonly used tests, all of which tell whether a particular 

distribution is a good fit. However, these tests differ in how they are performed, and 
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sometimes do not agree with one another. For example, one finds out that according 

to the Kolmogorov- Smirnov test, the Weibull distribution is the best fit, but the 

Anderson-Darling test suggests that it is not. That is when the graphs come in 

handy.
239 

Four classical goodness-of-fit plots such as density plot, CDF plot, Q-Q plot 

and P-P plot are plotted. 

o Probability Density Function (PDF) Graph 

The Probability Density Function graph displays the theoretical pdf of the 

fitted distribution (or several distributions) and the histogram of the given sample 

data. 

o Cumulative Distribution Function (CDF) Graph 

The Cumulative Distribution Function graph displays the theoretical CDF of 

the fitted distributions and the empirical CDF based on the given sample data. While 

the PDF graph mainly shows the shape of the data given, the CDF graph is useful to 

determine how well the distributions fit to data
240 

o Probability-Probability (P-P) Plot 

The probability-probability plot is a graph of the empirical CDF values plotted 

against the theoretical (fitted) CDF values. It is used to determine how well a specific 

distribution fits the observed data. The P-P plot will be approximately linear if the 

specified theoretical distribution is the correct model.
241 

o Quantile-Quantile (Q-Q) Plot 

The quantile-quantile plot is a graph of the input data values plotted against 

the quantiles (inverse CDF values) of the fitted distribution.  
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These plots helped to determine the best-fitted distribution. Here we adopted 

the Kolmogorov-Smirnov statistic to identify the best fit model for the data. A 

maximum log-likelihood value and lower AIC and BIC value is the criterion for 

finding the best-fitted distribution. In this study, we compared the AIC values of the 

three distributions, and the distribution with the lowest AIC value was selected as the 

best-fitted model for the data. 
242 

b. Akaike Information Criteria 

The Akaike Information Criterion allows us to test how well the model fits the 

dataset without overfitting it.
243

 The accuracy and performance of the model are 

measured using AIC and is given (approximately) by: 

AIC = - 2 ln (max. likelihood) + 2 p 

Where p denotes the number of independent parameters estimated in the 

model. Thus, the AIC essentially chooses a model with the best fit, as measured by 

the likelihood function, subject to a penalty term that increases with the number of 

parameters fitted in the model. This should prevent overfitting. 

c. Time-Series Modelling  

Time-series modelling is used to obtain the trend and forecasting pattern of 

mortality of infection in India due to COVID-19 using Time-series modelling.
 

ARIMA modelling is one of the best modelling techniques for forecasting a time 

series. It explicitly provides a set of standard structures in time series data, and as 

such provides a simple yet powerful method for skillful forecasts of time series.
244 
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d. Data Preparation 

Box-Jenkins model mainly involves model identification of the ARIMA 

process, model estimation or fitting and diagnostic checking. Then the fitted model is 

used for forecasting the time series data. Primarily, a time series plot is considered to 

examine the trend, and outliers of the data. It is usually obtained by plotting the 

observation against time. Here, the study acquires the time pattern changes after a 

specific point, and if so, we examine it further to find out the nature of change and 

potential causes. Box Jenkins modelling primarily includes the evaluation of the 

stationarity of the data using the Augmented Dickey-Fuller test. The existence of 

trend and periodicity will result in non-stationarity. If data exhibit a trend, we remove 

the deterministic trend or difference in the data. To remove these effects, the 

differencing stage is included in Box-Jenkins. Differencing is continued until the time 

series becomes stationary. Then we plot ACF and PACF which are useful in 

identifying and modelling patterns in time series. When the modelling is completed, 

the result will be summarized or integrated to produce the estimations and forecast.
245

  

e. Autocorrelation 

The stationary assumption allows us to make simple statements about the 

correlation between two successive values, Xt and Xt+k . This correlation is called the 

autocorrelation of lag k of the series. The autocorrelation function displays the 

autocorrelation on the vertical axis for successive values of k on the horizontal axis.
246

  

Let X(t1), X(t2)…, X(tn) be a time series observation for a set of times t1, 

t2…,tn, then autocorrelation of order h is defined as;  

 ( )   
   (       )

√   (  )√   (    )
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This formula giving the autocorrelation coefficients is known as the 

Autocorrelation Function (ACF) After the stationarity of the series is specified, the 

next task in Box-Jenkins analysis is to identify an appropriate model from the sample 

autocorrelation function.  

f. Augmented Dickey-Fuller Test 

In ARIMA (p,d,q), the trend and seasonality of the data are removed using a 

differencing method. The differencing is repeated until the series becomes stationary. 

The frequently performed method in autoregressive models for testing the stationarity 

of a time series is the Augmented Dickey-Fuller Test. 

Another point to remember is the ADF test is fundamentally a statistical 

significance test.
247

 That means, there is hypothesis testing involved with a null and 

alternate hypothesis and as a result, a test statistic is computed and the p-value gets 

reported. It is from the test statistic and the p-value, that an inference as to whether a 

given series is stationary or not was determined. Here the level of significance is 

taken as 0.05. The hypothesis is given as 

H0 : The data is not stationary 

H1 : The data is stationary 

If the p-value is less than 0.5, we reject our H0 and conclude that the data is 

stationary. Otherwise, data is non-stationary and has again undergone differencing. 

g. Model Identification 

The main aspect of time series analysis and modelling is the consideration of 

autocorrelation. ARMA models combine autocorrelation methods (AR) and moving 

averages (MA) with time-dependent parameters. When differencing is included in the 
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procedure, it becomes ARIMA (p,d,q) or Box-Jenkins modelling where ‗p‘ stands for 

the order of auto-regression, ‗d‘ signifies the degree of trend difference, and ‗q‘ is the 

order of moving average.
248 

h. AR(p) Process 

The p-th order autoregressive (AR) model — that is, AR(p) model is 

yt = c+ ɸ1 yt-1 + ɸ2 yt-2 + ɸ3 yt-3 + … + ɸp yt-p + €t 

where {yt} is the data of daily COVID-19 deaths in India on which the ARMA 

model is to be applied. The parameters υ1, υ2, and so on are AR coefficients. The 

value of p is determined from the partial autocorrelations of the appropriately 

differenced series. If the partial autocorrelations cut off after a few lags, the last lag 

with a large value would be the estimated value of p. If the partial autocorrelations do 

not cut off, you either have a moving average model (p=0) or an ARIMA model with 

positive p and q.
249 

i. MA(Q) Process 

The q-th order moving average (MA) model — that is, MA(q) model: 

yt = c+ €t – θ1 €t-1 – θ2 €t-2 - … - θq €t-q 

Where {yt} is daily COVID-19 death data and θ1, θ2, and so on are MA coefficients. 

The value of q is found from the autocorrelations of the appropriately differenced 

series. If the autocorrelations cut off after a few lags, the last lag with a large value 

would be the estimated value of q. If the autocorrelations do not cut off, you either 

have an autoregressive model (q=0) or an ARIMA model with a positive p and q.
250 
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j. ARMA(P,Q) Process 

The ARMA(p,q) model is represented as: 

yt = c+ ɸ1 yt-1 + ɸ2 yt-2 + ɸ3 yt-3 + … + ɸp yt-p + €t – θ1 €t-1 – θ2 €t-2 - … - θq €t-q 

Where {yt} is the data of daily COVID-19 deaths in India and ɸ1, ɸ2,,.., θ1, θ2..are 

coefficients
251

  

k. ARIMA(p,d,q) Process 

The ARIMA (p,d,q) is represented as 

y‘t =c+ ɸ1 y‘t-1+ɸ2 y‘t-2 + ɸ3 y‘t-3 + … + ɸp y‘t-p + €t – θ1 €t-1 – θ2 €t-2 - … - θq €t-q 

Where {yt} is the data of daily COVID-19 deaths in India and ɸ1, ɸ2,,.., θ1, θ2..are 

coefficients and y‘t is the differenced series, the predictors on the right-hand side 

include both lagged values €t  and lagged errors.
252 

When neither the autocorrelations nor the partial autocorrelations are cut off, a 

mixed model is suggested. In an ARIMA(p,d,q) model, the autocorrelation function 

will be a mixture of exponential decay and damped sine waves after the first q-p lags. 

The partial autocorrelation function has the same pattern after p-q lags. By studying 

the first few correlations of each ACF and PACF plot, we obtain reasonable guesses 

for p and q. Later developments have led to other model selection tools such as the 

Akaike Information Criterion. The AIC is defined as, 

                                    AIC=-2(log-likelihood) +2K                                                           

where K is the number of estimated model parameters. 
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l. Model Estimation 

The ARIMA model is fitted to the resulting time series by using an automated 

process. Automated means that it should do all steps automatically and does not need 

any judgment or modification by humans. Easy application is satisfied when it only 

asks for the time series data as the input and gives its future forecast as output. Also, it 

should have accurate results and forecast in a reasonable time. The Box–Jenkins 

framework is extended to create an automated and integrated framework that supports 

dealing with complex situations, adjusts automatically with the stationarity of data, 

and provides reliable information to decision-makers in a reasonable time. The model 

estimated by the auto ARIMA method gives the lowest AIC value. The lowest value 

of AIC indicates a more accurate model with the best fit.
253 

m. Diagnosis Checking 

After model estimation, diagnostic checking of the model is conducted which 

involves residual analysis. The model adequacy is primarily related to the assumption 

that residuals should be independent and identically distributed. Also, the residuals 

should be uncorrelated. They were examined by using the autocorrelation function 

(ACF), Partial autocorrelation function (PACF), ADF test, and Ljung- Box test.
254

   

n. Residual Analysis 

The residual in a time series model is the difference between the observations 

and the corresponding fitted values. The residuals generated by the model for the 

corresponding values of    =∇    are denoted by 𝜀  , t = 1,2, ...,n. Here, it is assumed 

that the unobserved residuals are normally distributed with zero mean and common 

variance, that is, 𝜀  ∽  (0,  2). The first of its significance is that it provides a 
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diagnostic procedure for checking whether the initial specification of the model is 

correct. The expectation is that the residuals should resemble a white noise process 

which by assumption, are un-autocorrelated. If they are autocorrelated, new 

specifications are given for p, d and q and Ljung-Box-Pierce (Q) Test, Akaike 

Information Criteria (AIC), Standard Error (SE) of the time series model and Mean 

Absolute Percentage Error (MAPE) are considered and applied to determine the 

specification that best model the series under study.
255

  

o. Ljung Box Test 

Ljung Box test is a diagnostic tool to test the lack of fit of time series models. 

The test examines the autocorrelation of residuals and if the autocorrelation is very 

small it is clear that the model adequately fits the data. It considered the large sample 

properties of all the residual autocorrelated coefficients for any ARIMA process.
256

 

Here,  

H0: The model does not exhibit a lack of fit  

H1: The model exhibits a lack of fit 

The test statistic is defined as follows; 

Q = n (n + 2) ∑   
   

   

   
 

Where n is the length of the time series, ȓ is the estimated autocorrelation at lag 

k and m is the no of lags being tested. The test rejects the null hypothesis if Q > χ
2

(1-

α,h) where χ
2

(1-α,h) is the Chi-square value with h = m – p – q degrees of freedom and α 

level of significance (where p and q are the parameters of ARMA model fit to the 

data). 
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p. Forecasting 

 After the model identification of the ARIMA process, model estimation and 

diagnostic checking, the fitted model is used for forecasting the time series data. 

When a satisfactory model is found, forecasts are readily computed. Forecasts of 

future deaths are done using the death observation and the fitted value of residuals
257

  

b. Compartmental models 

Compartmental models were adapted to reflect the different waves of a 

pandemic like COVID-19, with each wave representing a distinct phase of 

transmission intensity and patterns. In this context, the compartments are divided 

according to the specific characteristics of each wave. For instance, during the first 

wave, the model focuses on compartments representing imported cases and initial 

local transmission. The second wave, often more intense and community-driven, 

would have compartments that reflect increased local transmission and possibly new 

virus variants.
258 

In each wave, the dynamics within the compartments—such as the number of 

susceptible, exposed, infected, and recovered individuals—change according to the 

specific conditions of that wave. Factors like public health interventions, population 

behaviour, and virus characteristics influence these dynamics. By analysing these 

compartmental transitions across different waves, public health officials and 

researchers gained insights into the evolving nature of the pandemic and tailored their 

response strategies accordingly. 
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The state-wise trends of COVID-19 Active Cases have been studied in South 

Indian states.  

                         (           ) 

The case Fatality Rate of COVID-19 given as 

    
      

            
     

The data on the number of confirmed cases, cured, and deaths available in the 

public domain from January 30, 2020, to May 19, 2021. The data from the day when 

deaths due to COVID-19 were more than one was considered for the construction of 

the model.  Since the active cases for some states/ union territories are not linearly 

related, transformations are used to make it easier to model and analyse data. 

A quadratic regression model is a polynomial of degree 2 with all the terms present. 

              
  

This equation has the linear effect parameter β1 and quadratic effect parameter 

β2, respectively as well as the constant parameter β0. 

This section of the study proposes a compartmental model for the dynamics of 

COVID-19 in south India. First of all, the data was normalised to the total population 

of individuals, and the compartments were created (Phase One, Resting Phase and 

Phase Two) as per trends in Active Cases. The entire period of COVID-19 in south 

Indian states has been divided into three groups. More specifically, the compartment 

collects all the individuals that are affected by the virus. Phase one is defined by the 

trend in active cases from the initial period, which has at least one extreme peak to the 

lowest value of the active cases. The resting phase is considered a linear, less drastic 
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period with an approximately constant magnitude in active cases. Phase two initiates 

from the sudden increase in the active cases from the restating phase. 

c. Spatial Epidemiology and Forecasting 

Crude Mortality Rate (CMR) and Case-fatality Rate (CFR) are significant 

indicators in epidemiology and public health that help to understand the impact of 

certain diseases, disasters, or public health scenarios. The analysis of these rates over 

time and across countries is crucial for policy-making and international health 

comparisons.
259 

 Time series analysis and correlation: A time series is a sequence of data 

points, typically consisting of successive measurements made over a time 

interval. Time series analysis comprises methods for analyzing time series 

data to extract meaningful patterns, statistics, and other characteristics of the 

data. In the context of CMR and CFR, it helps in understanding the trend, 

seasonality, and cyclical patterns. Correlation is a statistical measure that 

describes the degree to which two variables move in relation to each other. By 

studying the correlation between CMR or CFR and other variables (like 

economic indicators, healthcare system efficiency, etc.), the important factors 

affecting mortality rates were deduced.
260

 

 Autoregressive (AR) models: An autoregressive model is a representation of 

a type of random process; as such, it describes certain time-varying processes 

in nature, including time series that show serial autocorrelation. In the context 

of CMR and CFR, AR models were useful for predicting future rates based on 

past values. For example, an AR(1) model would predict the CMR for a given 

year based on the rate from the previous year.
261
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 Forecasting methods: Forecasting is vital to make informed decisions based 

on future predictions of CMR and CFR. While AR models provide one 

method, there are other techniques like Moving Averages, and Exponential 

Smoothing. The choice of method often depends on the data available, the 

forecasting horizon, and the required precision.
262

 

 Comparison between countries: Comparing CMR and CFR between 

countries provides insights into the effectiveness of healthcare systems, 

disease control measures, and overall health of populations. Differences in 

rates arose from variations in healthcare infrastructure, policies, public health 

interventions, and sociodemographic factors. Comparisons between countries 

further highlight areas of success and potential improvement in global health 

scenarios.
263

 

2.3.4. Making Decisions 

2.3.3.1 Pollution Controllability  

Air pollution, characterized by high concentrations of particulate matter (PM) 

and nitrogen dioxide (NO2), is a pervasive environmental issue with known adverse 

effects on respiratory health. Numerous studies have established a link between 

prolonged exposure to air pollutants and an increased risk of respiratory infections 

and diseases. The respiratory system's compromised defines mechanisms under the 

influence of air pollution make individuals more susceptible to respiratory illnesses, 

including viral infections. In light of the COVID-19 pandemic, understanding the 

potential association between air pollution and the incidence of COVID-19 is of 

paramount importance, as it offers insights into environmental factors influencing the 

spread and severity of the virus.
264 
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This section of the study aims to assess the air quality during the pre-

lockdown and lockdown periods in India, focusing on the concentrations of 

particulate matter (PM) and nitrogen dioxide (NO2). Firstly, this section provides a 

comprehensive understanding of how environmental conditions, specifically air 

pollution levels, have fluctuated in response to the lockdown imposed due to the 

COVID-19 pandemic. By comparing pre-lockdown and lockdown air quality data, it 

was identified the extent of changes and variations in PM and NO2 concentrations.
265, 

266 

The data collected from the Central Pollution Control Board included variable 

data along with the value of chemical pollutants PM10 (Particulate Matter less than 10 

µm in diameter), PM2.5 (Particulate Matter less than 2.5 µm in diameter), Nitrogen 

Dioxide (NO2), and Sulphur Dioxide (SO2) for a duration of 2 months pre and during 

the lockdown. 

a. Air Quality Indices 

The monitoring of ambient air quality was carried out using different air 

quality indices (AQIs). An AQI was defined as an overall value that converts 

weighted concentrations of individual air pollution-related parameters (SO2, 

Particulate Matters, CO, NO2, etc.) into a single number or set of numbers. This 

toxicity of the air is evaluated by classifying the AQIs according to the predefined 

criterion. In the present study, we consider four methods of calculating Air Quality 

Indices for two time periods which are calculated for each of the selected cities 

separately.
267 
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Method 1 (AQImean): Ambient AQI is calculated by taking the arithmetic mean of the 

sum of the ratios of the four pollutants (PM10, PM2.5, CO2 and SO2) to their standard 

values and is multiplied by 100. These values are compared using a quality scale 

provided by CPCB.  Here AQI for an individual pollutant, Q is given by Q = ( 
 

  
 ) * 

100 where C is the observed value of the air quality parameters pollutant (PM10, 

PM2.5, NO2 and SO2) and Cs is the CPCB standard for the given area. 

Method 2 (AQIgm): Ambient AQI is calculated by taking the geometric mean of the 

AQIs provided by individual components (as in Method 1) and is multiplied by 100. 

This measure is also compared with the quality scale provided by CPCB.  

Method 3 (ORNAQI): The Oak Ridge National Air Quality Index (ORNAQI) 

developed by the Oak Ridge National Laboratory (ORNL), USA is calculated using 

the mathematical formula AQI = [39.02 ∑   
  

  
] 

0.967
 where Xi is the value of 

individual air quality parameters and Xs is the prescribed standard value for that 

parameter. Air Quality Indexes measured by this method are then compared with 

relative ORAQI values. 

Method 4 (AQIWeiAv): This AQI is obtained by combining qualitative measures with 

the qualitative concept of the environment. The individual AQI is calculated as Q = 

   

  
 where W is the weightage of the pollutant, C is the observed value of the 

pollutant and Cs is the CPCB standard for the given area. Here all the individuals are 

given with equal weight (W=1) and the total index is obtained as                                       

AQI = √(   )∑   
       where N is the number of air quality variables. 
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b. Time Series Analysis 

A time series is a record of values of any fluctuating quantity measured at 

different points in time. A Box-Jenkins approach to Time Series Analysis is used for 

the forecast of future data points of air pollutants 4 weeks posterior to the date. A 

Box-Jenkins model involves identifying an appropriate ARIMA process, fitting it to 

the date, and then using the fitted model for forecasting .
268

  

c. Data Preparation 

A preliminary Box-Jenkins analysis with a plot of the initial data should be 

run as the starting point in determining an appropriate model. The first, and most 

important, step in any time-series analysis is to plot the observations against time. 

This graph, called a time plot, will show important features of the series such as 

trends, seasonality, outliers and discontinuities. The plot is vital, both to describe the 

data and to help in formulating a sensible model. The input data should be adjusted to 

form a stationary series. Broadly speaking a time series is said to be stationary if there 

is no systematic change in mean (no trend), if there is no systematic change 

invariance and if strictly periodic variations have been removed. The stationarity of 

data is evaluated using the Augmented Dicky Fuller test. The apparent trends were 

adjusted by having a model apply a technique of regular differencing, a process of 

computing the difference between every two successive values, computing 

differenced series which have overall trend behaviour removed. If a single 

differencing does not achieve stationarity, it the process will be repeated.
269 



Materials and Methods 

 Page 94 

 

d. Autocorrelation and the Correlogram 

An important guide to the properties of a time series is provided by a series of 

quantities called the sample autocorrelation coefficients. They measure the 

correlation, if any, between observations at different distances apart and provide 

useful descriptive information. We have seen that they are also an important tool in 

model building, and often provide valuable clues to a suitable probability model for a 

given set of data.
270 

Given X(t1), X(t2)…, X(tn) be a time series observations for a set of times t1, t2…,tn, 

then autocorrelation of order h is defined as; 

ρ(h)  = 
   (       )

√   (  )   (    )
 

This formula giving the autocorrelation coefficients is known as 

Autocorrelation Function (ACF) and a plot of ρ(h) against h is known as auto 

correlogram and is often a good guide to the properties of time series. 

e. Augmented Dicky Fuller Test  

The Dickey-Fuller Test is one of the best-known and most commonly used 

unit root tests. It is based on the model of the first-order autoregressive process with 

an autoregressive parameter ɸ1. The null hypothesis is, H0: ɸ1 ≠ 1 i.e. the process 

contains a unit root and therefore it is non-stationary and the alternative hypothesis is, 

H1: ɸ1 = 1 i.e. the process does not contain a unit root and is stationary. The following 

equation is used to calculate the test statistic of the ADF test.
271 

Δyt = (ɸ1 -1 ) yt-1 + ∑     
     (     ) + €t 
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The level of significance (LOF) is taken as 0.05. If the p-value exceeds LOF, 

we accept the null hypothesis and if the p-value lies within the LOF, we reject the null 

hypothesis that the data is not stationary. 

f. KPSS Test 

The Kwiatkowski- Philips- Schmidt- Shin (KPSS) test is a type of unit root 

test that determines the stationarity of time series data around a deterministic trend. 

The test is built by the assumption of breaking the time series data into three parts; 

deterministic trend, random walk and stationary random error .
272

 The test is based on 

the model; 

yt = dt + rt + €t and rt = rt-1+ ut 

where dt = ∑   
      

 , for p = 0,1 contains the deterministic part of the model, €t are 

IID N(0,σ€
2
), rt is a random walk with variance σu

2 
and ut are IID N(0, σu

2
). 

KPSS test is based on Large Multiplier (LM) test with the hypothesis that the random 

walk has a zero variance i.e. H0: σu
2 

= 0 against the alternative that H0: σu
2 
> 0. 

LM = ∑   
   

    

    
 

Where st = ∑   
      , t = 1, 2, …, T and σ€

2 
is the estimated variance. 

The p < 0.05 was considered as the significance level. Thus, the hypothesis H0 of 

stationarity will be rejected if the observed value is less than 0.05. 



Materials and Methods 

 Page 96 

 

g. Identification of Basic Model 

With a stationary series in place, a basic model was identified. Three basic 

models exist, Autoregressive (AR), Moving Average (MA), and a combined in 

addition to the previously specified regular differencing combine to provide the 

available tools. When regular differencing is applied together with AR and MA, they 

are referred to as ARIMA, with the ―I‖ indicating ―Integrated‖ and referencing the 

differencing procedure.
273 

h. Autoregressive Processes 

Suppose that {Zt} is a purely random process with mean zero and variance σz
2
. 

Then a process {Xt} is said to be an autoregressive process of order p (abbreviated to 

an AR(p) process) if  

Xt = α1 Xt-1 + α 2 Xt-2 +…+ α p Xp-1 + Zt 

Where Z is a constant and αi, I = 1, 2,…p are the model parameters.  

This is rather like a multiple regression model, but Xt is regressed on past 

values of Xt rather than on separate predictor variables.
274 

i. Moving Average Processes 

Suppose that {Zt} is a purely random process with mean zero and variance σz
2
. 

Then a process {Xt} is said to be a moving average process of order q (abbreviated to 

an MA(q) process) if 

Xt =  β0 Zt + β1 Zt-1 - β2 Zt-2 -…- βj Zt-q 

Where βj, j = 1, 2,…q are the model parameters. The Zs are usually scaled so that 

β0=1.
275 
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j. Mixed ARMA Models 

A useful class of models for time series is formed by combining MA and AR 

processes. A mixed autoregressive/moving-average process containing p AR terms 

and q MA terms is said to be an ARMA process of order (p, q). It is given by 

Xt = α1 Xt-1 + α2 Xt-2+ … + α p Xt-p + Zt – β1 Zt-1 – β2 Zt-2 - … - βj Zt-q 

Where αi, I = 1, 2,…p  and βj, j = 1, 2,…q are the AR and MA model parameters 

respectively. 

The importance of ARMA processes lies in the fact that a stationary time 

series is often adequately modelled by an ARMA model involving fewer parameters 

than a pure MA or AR process by itself. This is what is often called the Principle of 

Parsimony. This says that we want to find a model with as few parameters as possible, 

but which gives an adequate representation of the data at hand.
276

   

k. Integrated ARMA (or ARIMA) Models 

In practice most time series are non-stationary. To fit a stationary model, it is 

necessary to remove non-stationary sources of variation. If the observed time series is 

non-stationary in the mean, then the series will be differentiated. 

If Xt is replaced by ΔdXt in the equation, then we have a model capable of 

describing certain types of non-stationary series. Such a model is called an 

‗integrated‘ model because the stationary model that is fitted to the differenced data 

has to be summed or ‗integrated‘ to provide a model for the original non-stationary 

data.
277

  

Δd Xt = Wt = ( 1 – B )
d 

Xt 
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The general autoregressive integrated moving average (ARIMA) process is of the 

form  

Wt = α1 Wt-1 + … + αp Wt-p  + Zt  + … + βq Zt-q 

Rewritten (a) as equation (b): 

Yt = (1 - α1) Yt-1 + (α2 - α1) Yt-2 + (α3 - α2) Yt-3 + … + (αp - 

αp-1) Yt-p - αp Yt-p-1 + Zt – β1 Zt-1 – β2 Zt-2 - … - βq Zt-q 

Where α i, i = 1, 2,…p and βj, j = 1, 2,…q are the AR and MA model parameters 

respectively 

Using the backward shift operator B,  

ɸ(B) ( 1 – B )
d 

Xt = θ(B) Zt 

Where ɸ(B), θ(B) are polynomials of order p, q, respectively. 

In practice, first differencing is often found to be adequate to make a series stationary, 

and so the value of d is often taken to be one. 

Model selection in Box-Jenkins uses various graphs based on transformed and 

differenced data to try to identify potential ARIMA processes that provide a good fit 

to the data. Later developments have led to other model selection tools such as Akaike 

Information Criterion. 

l. Akaike Information Criterion 

The Akaike Information Criterion allows testing how well the model fits the 

dataset without overfitting it. The accuracy and performance of the model are 

measured using AIC and is given (approximately) by: 
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AIC = - 2 ln (max. likelihood) + 2 p 

Where p denotes the number of independent parameters estimated in the 

model. Thus, the AIC essentially chooses a model with the best fit, as measured by 

the likelihood function, subject to a penalty term that increases with some parameters 

fitted in the model. This should prevent overfitting.
278 

m. Estimation of Parameters 

The major diagnostic tool used for fitting a suitable model to an observed time 

series is the sample Autocorrelation Function (ACF) and Partial Autocorrelation 

Function (PACF). Inference based on this function is often called analysis in the time 

domain.
279 

n. Modelling MA Processes Using ACF 

The correlogram helps try to identify a suitable class of models for a given 

time series, and, in particular, for selecting the most appropriate type of 

autoregressive integrated moving average (ARIMA) model. A correlogram does not 

come down to zero reasonably quickly, indicates non-stationarity and so the series 

needs to be differenced. For stationary series, the correlogram is compared with the 

theoretical ACFs of different ARMA processes to choose the one that seems to be the 

‗best‘ representation. The ACF of an MA(q) process is easy to recognize as it ‗cuts 

off‘ at lag q.
280

  

o. Modelling AR Processes Using PACF 

It is often difficult to assess the order of an AR process from the sample ACF 

alone. For a first-order process, the theoretical ACF decreases exponentially and the 
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sample function should have a similar shape. However, for higher-order processes, the 

ACF, a mixture of damped exponential or sinusoidal functions which is difficult to 

identify. To identify the order of an AR process we use the concept of Partial 

Autocorrelation Function (PACF). When fitting an AR(p) model, the last coefficient 

αp will be denoted by πp and measures the excess correlation at lag p which is not 

accounted for by an AR(p 1) model. It is called the p
th

 partial autocorrelation 

coefficient and, when plotted against p, gives the PACF. The first partial 

autocorrelation coefficient π1 is simply equal to ρ(1), and this is equal to α1 for an 

AR(1) process.
281 

p. Model Adequacy Checking 

The model checking involves testing the assumptions of the model to identify 

the areas where the model is inadequate.  

I. Residual Analysis 

To estimate the model adequacy, residual analysis is also performed. The 

residuals in the time series model are what is left over after fitting the model.
282

 The 

residual generated by the model is equal to the difference between the observations 

and the corresponding fitted value. 

et = yt - ŷt 

Where yt is the observed value of model parameters and ŷt is the fitted value. 

If we have a ‗good‘ model, then we expect the residuals to be ‗random‘ and 

‗close to zero‘, and model validation usually consists of plotting residuals using time 

plots and correlograms. For an adequate model, the residuals should be Independent 

and Identically Distributed (IID) and are uncorrelated. To test the correlation, we use 
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Auto Correlation Function (ACF) plot and the normality of the residuals is tested 

using the Shapiro-Wilk Test of Normality. 

II. Shapiro Wilk Test 

Shapiro Wilk test is a general normality test designed to test whether the 

selected sample belongs to a normal population or not. The null hypothesis is that the 

selected sample x1, x2, …xn belongs to a normal population. The W test statistic is 

given by; 

W = 
(∑   
 
     )

 

∑ (  
 
     ̅)  

 

Where n is the sample size, xi is the ordered sample values and ai are the 

constants generated from means, variances and covariance from the order statistics 

from a normal population and µ is the sample mean. The level of significance is taken 

as 0.05. If p-value < 0.05, the null hypothesis is rejected and was concluded that the 

test data is not normally distributed.
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III. Ljung Box Test 

Ljung Box test is a diagnostic tool to test the lack of fit of time series models. 

The test examines the autocorrelation of residuals and if the autocorrelation is very 

small it is clear that the model adequately fits the data. Here the null hypothesis, H0: 

the model does not exhibit a lack of fit is tested against the alternative hypothesis, H1: 

the model exhibits a lack of fit and the test statistic is defined as follows; 

Q = n (n + 2) ∑   
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Where n is the length of the time series, ȓ is the estimated autocorrelation at 

lag k and m is the no of lags being tested. The test rejects the null hypothesis if Q > 

χ
2

(1-α,h) where χ
2

(1-α,h) is the Chi-square value with h = m – p – q degrees of freedom 

and α level of significance (where p and q are the parameters of ARMA model fit to 

the data).
284 

I. Forecasting 

Forecasting is what the whole procedure is designed to accomplish. Once the 

model has been selected, estimated and checked, it is usually a straightforward task to 

forecast. When a satisfactory model is established, it becomes easy to generate 

forecasts. Given data up to time n, these forecasts will involve the observations and 

the fitted residuals (i.e. the one-step-ahead forecast errors) up to and including time 

n.
285 

i. Forecast Error 

Forecast error is the difference between the observed value and its forecast. It 

should be noted that forecast errors are different from residuals since the forecast 

errors are based on a test set and it involve multi step forecasts. The forecast errors 

were summarized to measure forecast accuracy in different ways.
286

 The forecast 

error, et is given by 

et = yt - ŷt 

where yt is the observation and ŷt is the forecast of the query. 
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ii. Mean Absolute Error 

Mean Absolute error (MAE) is the scale dependent accuracy measure used for 

comparing forecast methods applied to a single time series or to several time series 

with the same units. It calculates the absolute difference between the predicted value 

and actual value of each query. MAE identifies how big of an error we expect from 

the forecast of an average.
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MAE = 
 

 
∑   
   |  | 

Where n is the total number of queries and et is the forecast error.  

iii. Mean Absolute Percentage Error 

Mean Absolute Percentage Error (MAPE) are percentage error which are unit 

free and used to compare the forecast experiences. It measures the accuracy of the 

forecasting system as the average of absolute percent error. It reports higher errors 

when the forecast is greater than the actual value and lower rates if the forecast is less 

than actual value.
288 

MAPE = 100 * 
 

 
∑   
   |

  

  
| 

Where n is the total number of queries and et is the forecast error.  

iv. Paired t-Test  

Paired t-test was used to ascertain the significance of differences between 

mean values of individual pollutants during pre and during lockdown for the selected 

cities. When the samples X and Y are independently and normally distributed with 

common variance and respective sample sizes n and m and means µ1 and µ2, 

hypothesis about their means was tested as follows. Here the null hypothesis, the true 
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mean difference between the paired samples is zero, is tested against the alternative 

hypothesis that the true mean difference of the paired samples is not equal to zero.
289

 

Then a test was found based on the statistic: 

  
     

  √
 
  

 
 

 

Where    √
(   )  

  (   )  
 

     
 

Now, T has a t distribution with r = n + m – 1 degree of freedom. The level p 

< 0.05 was considered as the significance level. Thus, the hypothesis H0 will be 

rejected in favour of H1 if the observed value of t is less than 0.05. 

v. Pearson Coefficient of Correlation 

The Pearson Correlation Coefficient is used to identify the correlation between 

the individual air pollutants in the selected geographic areas.
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Karl Pearson (1867-1936), the famous British statistician has proposed a 

coefficient measure that measures the degree of relationship between two variables. 

We assume that there is a linear relationship between two random variables x and y. 
 

Then Pearson correlation coefficient,  

    
   

    
 

Where pxy is the product-moment or covariance between x and y, σx
2
 and σy

2
 are the 

variances of x and y respectively. This was interpreted as follows; 
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If rxy > 0; there exists a positive correlation between the two variables. 

If rxy = 0; there exists no correlation between the two variables. 

If rxy < 0; there exists a negative correlation between the two variables. 

2.3.3.2 Optimal allocation of limited resources 

The study of optimal allocation of limited resources in the context of the 

COVID-19 pandemic, where resources such as medical supplies, healthcare 

personnel, and vaccines are often scarce compared to the needs of the population. 

During the pandemic, healthcare systems around the world have faced unprecedented 

challenges in managing resources effectively. Decisions on how to allocate limited 

ventilators, intensive care unit (ICU) beds, personal protective equipment (PPE), and 

later, vaccines, have had profound implications on patient outcomes and the overall 

control of the virus spread. The study of optimal resource allocation in this scenario 

helps in developing strategies that ensure the most effective use of resources, 

prioritizing areas and populations most in need, and adapting to the changing 

dynamics of the pandemic. This not only improves patient care and survival rates but 

also helps in mitigating the broader public health impacts of the pandemic.
291 

Moreover, the COVID-19 pandemic has underscored the need for equitable 

resource distribution, both within and between countries. The challenge of allocating 

limited resources extends beyond hospitals to encompass the global distribution of 

vaccines and medical aid. This aspect of the study focuses on ethical considerations, 

prioritizing high-risk groups, and addressing disparities in healthcare access. It also 

involves strategizing the distribution logistics to ensure timely and fair access to 

resources across different regions. By optimizing resource allocation, the response to 
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the pandemic was more effective, reducing the overall burden of the disease and 

paving the way for a more coordinated and equitable global health response.
292 

i. Compare the Availability and Demand of Beds, ICU, and Ventilators  

Comparing the availability and demand of beds, ICU units, and ventilators is 

essential in healthcare resource management, particularly during crises like the 

COVID-19 pandemic. General hospital beds, which are fundamental for patient care, 

were in high demand as COVID-19 cases surged, often leading to shortages and the 

need for rapid expansion of capacity. ICU units, equipped for severe cases requiring 

intensive care, also faced significant strain. The demand for these specialized units 

often exceeded availability, necessitating the conversion of other hospital areas into 

temporary ICU spaces. Ventilators, crucial for patients with severe respiratory issues, 

became a critical and scarce resource. The imbalance between the limited supply of 

ventilators and the high number of patients needing respiratory support posed a major 

challenge, leading to difficult triage decisions and an urgent call for increased 

production and distribution. This comparison highlights the stress on healthcare 

systems during the pandemic and underscores the importance of preparedness and 

flexible resource allocation.
293 

ii. Predicting Time to Overload the Available Facilities 

Predicting the time to overload available healthcare facilities, such as hospital 

beds, ICU units, and ventilators, is crucial for effective pandemic management. This 

involves analyzing current resource usage trends, infection rates, and healthcare 

capacities to forecast when these facilities reach their limits. The prediction process 

typically relies on epidemiological models that factor in the rate of COVID-19 
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transmission, the proportion of cases requiring hospitalization, ICU care, or 

ventilators, and the duration of hospital stays. By inputting current data on infection 

rates and healthcare utilization, these models were estimated when healthcare 

facilities are likely to be overwhelmed. For instance, if the number of new daily cases 

is increasing rapidly and a significant percentage of these cases require 

hospitalization, models projected the point in time when hospital beds or ICU units 

will reach full capacity.
294 

Additionally, these predictions should consider variables such as changes in 

public health policies, vaccination rates, and the emergence of new virus variants, 

which significantly alter transmission dynamics. Hospitals and health systems also 

use these predictions to implement contingency plans, such as increasing bed 

capacity, setting up temporary medical facilities, or reallocating medical staff and 

equipment. Accurate predictions are vital for ensuring that healthcare systems prepare 

for and mitigate the impacts of facility overloads, ultimately saving lives and 

maintaining the quality of healthcare delivery during pandemic peaks.
295 

iii. Dynamics of Virus Spread and Impact on Healthcare Systems 

The spread of a virus like COVID-19 is intricately linked to its reproductive 

number, commonly referred to as    (basic reproduction number). This number 

represents the average number of new infections generated by an infected individual 

in a fully susceptible population. An    value greater than 1 indicates that the virus is 

spreading rapidly. Throughout the COVID-19 pandemic, the    has varied, 

influenced by factors such as population density, public health measures like social 

distancing and mask mandates, and the emergence of more transmissible variants. For 

example, the original strain of COVID-19 had a lower    compared to later variants 
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like Delta and Omicron, which were more infectious and altered the dynamics of virus 

transmission. Monitoring and understanding the    is crucial for predicting the spread 

of the virus and implementing timely interventions to curb its transmission.
296 

The saturation of healthcare systems during the pandemic has been a direct 

consequence of this rapid spread of the virus. As the    rises and more individuals 

become infected, the demand for healthcare resources such as hospital beds, ICU 

units, and ventilators increases dramatically. Many healthcare systems around the 

world have faced overwhelming challenges during peaks of COVID-19 cases, with 

hospitals operating at or beyond their capacity. This saturation not only impacts the 

care of COVID-19 patients but also strains the overall healthcare provision, affecting 

treatments for other medical conditions. Managing the spread of the virus to keep the 

   at a manageable level is vital to prevent healthcare system overload. This involves 

a combination of public health policies, vaccination campaigns, and community 

engagement to reduce transmission and ensure that healthcare systems provide 

adequate care to all patients.
297 

2.3.3.3 Impact Assessment Tool 

a. Social Impact 

The secondary data from a cross-sectional study which was designed to better 

understand the level of psychological impact, anxiety, depression and stress among 

the residents of Kerala during the outbreak of COVID-19 was used for assessing the 

social impact. Information on socio demographic data, knowledge, and concern about 

COVID-19 and precautionary measures against COVID-19 were documented. The 

socio-demographic data includes age, gender, education, residential location, 
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employment status, marital status, annual income and household size. Data was 

collected in the month of May 2020. The data was collected from different districts of 

Kerala.
298 

Mental health status was assessed by Depression Anxiety Stress Scale and 

psychological impact (Post Traumatic Stress Disorder symptoms) was assessed by the 

Impact of Event Scale-Revised.
 
The Depression Anxiety Stress Scale is a set of three 

self-report scales which include a total of 21 items (DASS-21). Each of the three 

DASS-21 scales is divided into subscales containing 7 items each with similar 

content. The depression scale assesses dysphoria, hopelessness, devaluation of life, 

self-deprecation, lack of interest/ involvement, anhedonia and inertia. The anxiety 

scale assesses autonomic arousal, skeletal muscle effects, situational anxiety, and 

subjective experience of anxious affect. The stress scale is sensitive to levels of 

chronic non- specific arousal. It assesses difficulty relaxing, nervous arousal, and 

being easily upset/agitated, irritable/over-reactive and impatient. Scores for 

depression anxiety and stress are calculated by summing the scores for the relevant 

items.
299 

I. Depression Anxiety Stress Scale (DASS) 

The Depression Anxiety Stress Scale, commonly known as DASS, is a clinical 

assessment tool designed to measure the three related negative emotional states of 

depression, anxiety, and stress. Its scoring is divided into specific ranges, which 

classify the severity of each emotional state. For depression, scores between 0-9 are 

considered normal, 10-12 are classified as mild, 13-20 as moderate, and 21-42 

indicate severe depression. For anxiety, the corresponding ranges are 0-6 (normal), 7-

9 (mild), 10-14 (moderate), and 15-42 (severe). Lastly, for stress, scores of 0-10 are 
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deemed normal, 11-18 as mild, 19-26 as moderate, and 27-42 as severe. The specific 

score ranges serve as a guide for clinicians to evaluate the intensity of each emotional 

state in an individual and to determine appropriate therapeutic interventions.
300 

The Impact of Event Scale-Revised is a self-administered questionnaire 

consisting of 22 questions with three subscales intrusion, avoidance and hyperarousal. 

These subscales measure different dimensions of the stress scale. The response set of 

intrusion measures (intrusive thoughts, nightmares, intrusive feelings and imagery) 

and avoidance measures (numbing of responsiveness, avoidance of feelings, situations 

and ideas) and hyper arousal measures (anger, irritability, hyper-vigilance, difficulty 

in concentrating, and heightened startle). While there is no cut-off score, scores more 

than 24 are of concern.
301 

II. IES-R Scale Explanation 

The IES-R (Impact of Event Scale – Revised) is a widely used instrument for 

assessing subjective distress caused by traumatic events. It provides a measure of the 

severity of a person's response to a specific traumatic event. The scale is divided into 

different severity levels based on the total score a person receives. Scores ranging 

from 0 to 23 are considered "Normal", indicating minimal distress related to the 

event. Scores from 24 to 32 fall under the "Mild" category, suggesting a mild level of 

distress. When scores lie between 33 and 36, they're categorized as "Moderate", 

implying a moderate level of distress. Finally, a score of 37 and above is classified as 

"Severe", indicating a significant amount of distress associated with the traumatic 

event. Thus, the IES-R scale serves as a useful tool for professionals to gauge the 

psychological impact of trauma and guide potential interventions or treatments.
302 
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The scores obtained from the above scales are used to assess the psychological impact 

and mental health of Keralite during lockdown due to the outbreak of COVID-19. 

III. List of Variables 

a. Demographic Variables 

 District: District where the participants are residing. 

 Age: Age of the participants in the study. 

 Gender: Gender of the participants in the study. It is classified as male, female and 

transgender. 

 Marital Status: The marital status of the participants is classified as single and 

married. 

 Household Size: Number of family members. 

 Educational Qualification: The educational qualification of the participants 

involved in the study and is classified as plus two or below, graduate, post 

graduate. 

 Occupational Status: The occupational status of the participants involved in the 

study is classified as student, unemployed, healthcare professional, govt. 

employee, and private employee. 

 Monthly Family Income: The monthly family income of the participants is 

classified as below 5000, 5000-20000, 20000-50000, 50000-75000 and 75000 and 

above. 

 Loss Expecting Per Month: Individual loss of the participant during lockdown 

period per month. 

 Area of Residence: The residing area where the participants currently live and are 

classified as urban and rural. 
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b. Other variables 

1. Variables related to precautionary measures: 

 Ways through which information about hygiene is gained (friends, mass media 

(T.V, newspaper, social media). 

 Social media exposure (never, sometimes, often, very often). 

 Hygiene practices (washing hands, wearing mask, social distancing, covering 

mouth when coughing and sneezing). 

2. Additional health information: 

 Chronic diseases: Life style diseases such as diabetes, blood pressure. 

 Extra activities: other activities apart from their regular routine work (doing 

meditation or yoga, using social media, doing something I am good at, spending 

time with loved ones. 

 

IV. Tests involved 

i. Chi Square Test 

The Chi-square statistic is a non-parametric tool designed to analyze group 

differences when the dependent variable is measured at a nominal level. The Chi-

square is robust with respect to the distribution of the data. Specifically, it does not 

require equality of variances among the study groups or homoscedasticity in the data. 

It permits evaluation of both dichotomous independent variables, and of multiple 

group studies. The calculations needed to compute the Chi-square provide 
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considerable information about how each of the groups performed in the study.
303

 

The Chi-square is a significant statistic, and should be followed with a strength 

statistic. Advantages of the Chi-square include its robustness with respect to 

distribution of the data, its ease of computation, the detailed information that was 

derived from the test, its use in studies for which parametric assumptions cannot be 

met, and its flexibility in handling data from both two group and multiple group 

studies. Limitations include its sample size requirements, difficulty of interpretation 

when there are large numbers of categories (20 or more) in the independent or 

dependent variables.
304 

The Chi-square test is a non-parametric statistic, also called a distribution free 

test. Non-parametric tests should be used when any one of the following conditions 

pertains to the data: 

The level of measurement of all the variables is nominal or ordinal. 

The sample sizes of the study groups are unequal; for the chi square the groups 

are of equal size or unequal size whereas some parametric tests require groups of 

equal or approximately equal size. 

The original data were measured at an interval or ratio level, but violate one of the 

following assumptions of a parametric test: 

 The distribution of the data was seriously skewed and thus the researcher should 

use a distribution free statistic rather than a parametric statistic. 

 The data violate the assumptions of equal variance or homoscedasticity. 

 For any of a number of reasons the continuous data were collapsed into a small 

number of categories, and thus the data are no longer interval or ratio.
305
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ii. Assumptions of the Chi-Square 

The Chi-square assumes that the data were obtained through random selection. 

The assumptions of the Chi-square include: 

 The data in the cells should be frequencies, or counts of cases rather than 

percentages or some other transformation of the data. 

 The levels (or categories) of the variables are mutually exclusive. That is, a 

particular subject fits into one and only one level of each of the variables. 

 Each subject contributes data to one and only one cell in the Chi-square.  

 The study groups should be independent. This means that a different test should 

be used if the two groups are related.  

 There are two variables and both are measured as categories, usually at the 

nominal level. However, data may be ordinal data. Interval or ratio data that have 

been collapsed into ordinal categories may also be used.  

 The value of the cell expected should be 5 or more in at least 80% of the cells, 

and no cell should have an expected of less than one.
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To test H0: the attributes A & B are independent. 

Test statistics is,                                           =∑ ∑
(       )

 

   

 
   

 
    

Where Oij : Observed frequency in the (i,j)
th

 cell 

Eij : Expected frequency in the (i,j) 
cell

 

When H0 is true, where fij is the expected frequency under H0 in the (i,j)
th 

cell and is 

given by 

Ei = 
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Where, Ri: Total of the i
th

 row 

Cj: Total of the j
th

 column 

iii. Shapiro Wilk Test 

Shapiro Wilk test is a general normality test designed to test whether the 

selected sample belongs to a normal population or not. The null hypothesis is that the 

selected sample x1, x2, …xn belongs to a normal population. The test statistic is given 

by, 

  
(∑     

 
   ) 

∑ (    )
  

   

 

Where n is the sample size, xi is the ordered sample values and ai are the 

constants generated from means, variances and covariance from the order statistics 

from a normal population and µ is the sample mean. The level of significance is taken 

as 0.05. If p-value < 0.05, the null hypothesis is rejected and was concluded that the 

test data is not normally distributed.
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iv. Mann-Whitney U Test 

The Mann-Whitney U test is used to compare differences between two 

independent groups when the dependent variable is either ordinal or continuous, but 

not normally distributed. It is often considered the nonparametric alternative to the 

independent t-test although this is not always the case.
308 

Mann-Whitney U test allows to draw different conclusions about the data 

depending on the assumptions that are made about the data's distribution. These 
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conclusions range from simply stating whether the two populations differ through to 

determining if there are differences in medians between groups. These different 

conclusions hinge on the shape of the distributions of the data. In order for a Mann-

Whitney U test to give a valid result it requires some assumptions that the data should 

meet.
309 

Assumptions 

 The dependent variable should be measured at the ordinal or continuous level. 

 The independent variable should consist of two categorical, independent 

groups. 

 The independence of observations, which means that there is no relationship 

between the    observations in each group or between the groups themselves.  

A Mann-Whitney U test was used when the two variables are not normally 

distributed. 

We consider two independent random samples X = (X1, X2, . . . , Xn1) and  

Y = (Y1, Y2, , . . . , Yn2) from two populations with observed values (x1, x2, . . . , xn1) 

and  (y1, y2, . . . , yn2) respectively. In this case, the null hypothesis H0can be 

formulated as 

H0: P( X > Y  ) = P(Y > X) = 
 

 
 

The null hypothesis can be interpreted as the probability that a randomly drawn 

observation from the first population has a value x that is greater (or lower) than the 

value y of a randomly drawn subject from the second population is
 

 
 . The alternative 

hypothesis H1 is then 

H1: P(  X > Y )  P(Y  > X) . 
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This test is often performed as a two-sided test and, thus, the research 

hypothesis indicates that the populations are not equal as opposed to specifying 

directionality. A one-sided research hypothesis is used if interest lies in detecting a 

positive or negative shift in one population as compared to the other. The procedure 

for the test involves pooling the observations from the two samples into one combined 

sample, keeping track of which sample each observation comes from, and then 

ranking lowest to highest from 1 to n1+n2, respectively.
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Test Statistic for the Mann Whitney U Test 

The test statistic for the Mann Whitney U Test is denoted U and is 

the smaller of U1 and U2, defined below.
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Where    = sum of the ranks for group 1 and    = sum of the ranks for group 2.  

v. Kruskal-Wallis test 

The Kruskal-Wallis one-way analysis of variance by ranks is an extremely 

useful test for deciding whether k independent samples are from different 

populations.
312 

Assumptions 

The samples are independent random samples from their respective populations. 

The measurement scale employed is at least ordinal. 
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The distributions of the values in the sampled populations are identical except 

for the possibility that one or more of the populations are composed of values that 

tend to be larger than those of the other populations. 

If there are k samples, and varying number ni is studied in each sample let n = 

total studied = ∑    
 
    Let all the values from all the k samples be combined and 

ranked in a single series. The smallest value is replaced by rank 1, the next to smallest 

by rank 2, and the largest by rank n. n = the total number of independent observations 

in the k samples. When this has been done, the sum of the ranks in each sample is 

found. The Kruskal-Wallis test determines whether these sums of ranks are so 

disparate that they are not likely to have come from samples which were all drawn 

from the same population. It was shown that if the k samples actually are from the 

same population or from identical populations, the H is distributed as Chi-square with 

df = k-1, provided that the sizes of the various k samples are not too small.
 

Test statistic is given by 

   
  

 (   )
∑

  
 

  

 

   

  (   ) 

Where, k = number of samples 

nj = number of observations in the j
th

 sample 

n = number of observations in all samples combined 

Rj = sum of the ranks in the j
th 

sample 

vi. Pearson correlation coefficient 

Correlation is a statistical measure that indicates the extent to which two or 

more variables fluctuate together. A positive correlation indicates the extent to which 
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those variables increase or decrease in parallel; a negative correlation indicates the 

extent to which one variable increases as the other decreases.
313 

When the fluctuation of one variable reliably predicts a similar fluctuation in 

another variable, there‘s often a tendency to think that means that the change in one 

causes the change in the other. However, correlation does not imply causation. There 

are unknown factors that influence both variables similarly. 

Correlation is a statistical technique that shows whether and how strongly 

pairs of variables are related. Although this correlation is fairly obvious your data 

contains unsuspected correlations. The exploration of potential correlations within the 

data is an important aspect of this research. While there are indications of various 

relationships, identifying the most significant correlations remains a key focus of the 

analysis. An intelligent correlation analysis leaded to a greater understanding of the 

data.
314 

Correlation is positive or direct when the value increases together, and 

Correlation is negative when one value decreases as the other increases, and so called 

inverse or contrary correlation 

If the points plotted were all on a straight line we would have perfect correlation, but 

it could be positive or negative 

Correlation have a value: 

1 is a perfect positive correlation 

0 is no correlation (the values don't seem linked at all) 

-1 is a perfect negative correlation 
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The value shows how good the correlation is (not how steep the line is), and if 

it is positive or negative. Usually, in statistics, there are three types of correlations: 

Pearson correlation, Kendall rank correlation and Spearman correlation. 

Assumptions of Correlation 

Employing correlation relies on some underlying assumptions. The variables 

are assumed to be independent, assume that they have been randomly selected from 

the population; the two variables are normal distribution; the association of data is 

homoscedastic (homogeneous), homoscedastic data have the same standard deviation 

in different groups where data are heteroscedastic have different standard deviations 

in different groups and assumes that the relationship between the two variables is 

linear. The correlation coefficient is not satisfactory and difficult to interpret the 

associations between the variables in case if data have outliers. 

An inspection of a scatter plot gave an impression of whether two variables 

are related and the direction of their relationship. But it alone is not sufficient to 

determine whether there is an association between two variables. The relationship 

depicted in the scatter plot needs to be described qualitatively. Descriptive statistics 

that express the degree of relation between two variables are called correlation 

coefficients. A commonly employed correlation coefficient is Pearson correlation, 

Kendall rank correlation and Spearman correlation. 

Correlation used to examine the presence of a linear relationship between two 

variables providing certain assumptions about the data are satisfied. The results of the 

analysis, however, need to be   interpreted with care, particularly when looking for a 

causal relationship. 
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Bivariate correlation is a measure of the relationship between the two 

variables; it measures the strength and direction of their relationship, the strength 

ranging from absolute value 1 to 0. The stronger the relationship, the closer the value 

is to 1. Direction of the relationship was positive (direct) or negative (inverse or 

contrary); correlation generally describes the effect that two or more phenomena 

occur together and therefore they are linked. For example, the positive relationship of 

.71 represented a positive correlation between the statistics degrees and the science 

degrees. The student who has a high degree in statistics has also a high degree in 

science and vice versa.
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 The Pearson correlation coefficient is given by the 

following equation: 

                 
∑ (      ̅)(     ̅) 
   

√∑ (      ̅) ∑ (     ̅)  
   

 
   

                    

Where    is the mean of variable   values, and    is the mean of variable   values 

vii. Median regression 

Quantile regression constitutes a family of statistical techniques used to 

estimate and draw inferences about conditional quantile functions. The quantile 

regression method is an extension of the traditional least square regression method. 

The difference is that the former accurately estimated the marginal effect of 

independent variables on the dependent variable in a specific condition quantile, 

which is superior to the marginal effect of the latter‘s average trend. Quantile 

regression offers a systematic strategy for examining how covariates influence the 

location, scale, and shape of the entire response distribution. It quantifies the 

heterogeneous effects of covariates through conditional quantiles of the outcome 

variable, and provides a comprehensive scan of the whole distribution of the outcome. 
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Quantile regression complements and improves the traditional mean regression 

models. In this situation of assumption violated, quantile regression quantifies the 

heterogeneous effects of covariates through conditional quantiles of the outcome 

variable, and provides a comprehensive scan of the whole distribution of the 

outcome.
316

  

Quantile regression does not restrict attention to the conditional mean and 

therefore it permits to approximate of the whole conditional distribution of a response 

variable. Quantile regression is desired if conditional quantile functions are of 

interest. The development and dissemination of quantile regression started with the 

formulation of the quantile regression problem as a linear programming problem. 

Such formulation allows exploiting efficient methods and algorithms to solve a 

complex optimization problem, offering a way to explore the whole conditional 

distribution of a variable and not only its centre. The quantile regression problem 

typically exploits a variant of the well-known simplex algorithm for a moderate size 

problem. Quantile regression is an invaluable tool for facing heteroscedasticity, and 

provides a method for modelling the rates of change in the response variable at 

multiple points of the distribution when such rates of change are different. Empirical 

conditional quantile function provides a standard distribution-free approach to obtain 

prediction intervals for population quantiles based on sample regression quantiles. 

Such use of regression quantile estimates has the advantage of robustness against 

departure from the normality assumption of the error terms. Although in many 

practical applications the focus is on estimating a subset of quantile regression 

estimates, it is possible to obtain estimates over the whole interval (0, 1) through the 

so-called quantile process.
317 
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The quantile regression was described by equation: 

  =  ′ + 𝑞+   

Where βq is the vectors of unknown parameters associated with q
 th

 quantile 

The p
th

 conditional quantile given   is Q( ) (   |   ) =   
     

    . Thus, the 

conditional p
th

 quantile is determined by the quantile-specific parameters,   
 
and   

 
 

and a specific value of the covariate   . 

Any real-valued random variable X, characterized by its (right continuous) 

distribution function, 

F(x) = P(X ≤ x), for any 0 <τ <1, 

F
-1
(τ) = inf{x: F(x)≥ τ is called the τ

th 
quantile of X. 

The quantile function, associated with a probability distribution of a random variable, 

specifies the value of the random variable such that the probability of the variable 

being less than or equal to that value equals the given probability. 

The conventional mean regression minimizes the sum of squares of residuals. 

i.e.; min∑ (   (     ))
 

  

whereas, median regression minimizes the sum of absolute residuals.  

i.e.;  min∑ |  |  

In the quantile regression, the distance of points from a line is measured using 

a weighted sum of vertical distances (without squaring), where the weight is 1 – p for 

points below the fitted line and p for points above the line. Each choice for this 

proportion p, for example, p = .10, .25, .50, gives rise to a different fitted conditional-
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quantile function. The mean of a distribution was viewed as the point that minimizes 

the average squared distance over the population, whereas a quantile q was viewed as 

the point that minimizes an average weighted distance, with weights depending on 

whether the point is above or below the value q. 

Let A = (x1,...,xn) denote the matrix consisting of n observed vectors of the random 

vector X, and let y = (y1,...,yn) denote the n observed responses. The model for linear 

quantile regression is 

Y = A
‘ 
β 

where θ = (θ1, θ2. . . , θp)′ is the unknown p-dimensional vector of parameters 

and ε= (ε1, ε2 ... εn) is the n dimensional vector of unknown errors. 

The τ
th

 regression quantile is a solution: 

Min {∑ 𝜏(     
  ) ∈(       

  )  +∑ (  𝜏)(     
  ) ∈(       

  ) } 

When τ =1/2 it becomes median regression. 

Median regression was formulated as a linear programming problem and was solved 

efficiently with simplex algorithm. 

The median regression line should pass through a pair of data points with half of the 

remaining data lying above the regression line and the other half falling below. That 

is, roughly half of the residuals are positive and half are negative.
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viii. Features of Quantile Regression
319

 

 The entire conditional distribution of the dependent variable   can be 

characterized through different values of 𝜏 

 Heteroscedasticity can be detected. 

 If the data is heteroscedastic, median regression estimators can be more 

efficient than mean regression estimation  

 The minimization problem can be solved efficiently by linear programming 

methods, making estimation easy.  

 Quantile functions are also equivariant to monotone transformations. 

 Quantiles are robust in regard to outliers 
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CHAPTER 3: RESULTS 

3.1 Monitoring 

1.1.1 SWOT analysis of data-driven methods in COVID-19 pandemic 

3.1.1.1 Strengths 

The strengths of data-driven methods in tackling the COVID-19 pandemic were 

cohesively outlined in several key areas: 

The experience gained from past epidemics such as SARS and MERS has been 

invaluable. This extensive research history has not only provided crucial information 

about other epidemics but also enabled the development of data-driven techniques. 

These techniques are pivotal in estimating, modelling, forecasting, and making 

informed decisions during an epidemic outbreak. This foundation is further 

strengthened by comprehensive mathematical models for epidemiology and insights 

into previous coronavirus epidemics. 

The solid theoretical foundations of data-driven methods play a critical role. 

These foundations allow decision-makers to manage pandemics using a variety of 

tools, each adapted to different contexts and data types. This versatility ensures 

varying degrees of certainty and efficacy in pandemic management. 

Efficient optimization algorithms and solvers also form the strength. Many data-

driven approaches in pandemic response are formulated as optimization problems. 

Addressing these problems efficiently and significantly enhances the speed and 

effectiveness of responses. 
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Managing a pandemic requires the gathering and processing of vast amounts of 

data. The advancements in big data analytics, especially in the 21st century, have 

provided numerous innovative information systems. These include using mobile 

phones for contact tracing and employing social networks for real-time epidemic 

mapping. 

The high computation capacity available today significantly aids in combating 

the pandemic. Continuous advancements in hardware technologies, such as 

supercomputers, clusters, and cloud computing, equipped with numerous processors 

and GPUs, have been crucial. This high computational power is essential for 

developing and running complex data-driven methods effectively. 

Together, these strengths underscore the pivotal role of data-driven methods in 

understanding, managing, and mitigating the impacts of the COVID-19 pandemic, 

demonstrating the power of technology and data in modern healthcare challenges. 

3.1.1.2 Weaknesses 

A major weakness identified in the response to COVID-19 was the lack of an 

interdisciplinary approach among many research groups. The studies and results often 

did not combine efforts from diverse but crucial fields like epidemiology, data 

science, system engineering, and economics. This shortfall likely led to biased results 

and recommendations, as important aspects of public health, advanced statistical 

tools, dynamic effects, and economic impact were potentially overlooked. The 

absence of a multi-disciplinary perspective in the research community hindered the 

ability to formulate a well-rounded and effective response to the pandemic. 
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Another significant weakness was the slow pace of the academic response. 

Academic outcomes, primarily in the form of publications and predictive tools, 

require substantial time for data collection, processing, development, validation, and 

peer review. In the context of a fast-moving pandemic like COVID-19, this inherent 

delay in the academic process could impede the timely application and effectiveness 

of research findings. The need for rapid yet reliable academic responses became 

critically apparent, highlighting a gap between research timelines and urgent public 

health requirements. 

The initial poor characterization of COVID-19 posed a substantial challenge. 

Despite extensive research efforts, there remained significant gaps in understanding 

the virus's characteristics, such as its seasonal behavior and the duration of post-

recovery immunity. These uncertainties impaired the capacity of data-driven methods 

to provide accurate and reliable predictions and strategies for managing the pandemic. 

The lack of consolidated and comprehensive knowledge about the virus underscored 

the difficulty in applying data-driven approaches effectively in real-time during the 

early stages of the pandemic. 

These weaknesses underscore the need for a more agile, comprehensive, and 

interdisciplinary approach to utilizing data-driven methods for pandemic management 

and response. 

3.1.1.3 Opportunities 

The opportunities presented by data-driven methodologies in managing the 

COVID-19 pandemic are vast and critical. These methodologies are applicable across 

a range of epidemiological sub problems, from estimating epidemic characteristics to 
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forecasting and assessing the impact of government measures. For example, timely 

decisions such as partial or total lockdowns, informed by data-driven insights, have 

been essential in saving thousands of lives while mitigating socio-economic damage.  

Furthermore, the coordinated efforts of institutions like the World Health 

Organization and various Centers for Disease Prevention and Control, both at national 

and continental levels, have been pivotal. Many governments and research bodies 

have formed interdisciplinary task forces to develop and implement data-driven 

strategies against COVID-19. This coordination enhances the effectiveness of the 

response. 

The availability of open data sources has been another significant opportunity. 

The growing number of institutions and research teams working against COVID-19 

has led to an abundance of meaningful, open-data resources. These resources are 

crucial for addressing the pandemic from a data science perspective, providing a 

strong foundation for research and analysis. 

The substantial social and economic impact of the pandemic has led to 

considerable public and private funding for related research. This financial support is 

fostering advancements in data-driven methodologies, enhancing the global capacity 

to combat the pandemic effectively. This confluence of applicability, coordination, 

data availability, and funding underscores the potential of data-driven methods in 

navigating and overcoming the challenges posed by COVID-19. 

3.1.1.4 Threats 

Statistics play a crucial role in guiding policy decisions, resource allocation, 

and public health interventions. However, their accuracy and reliability are contingent 
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on several factors, making it essential to thoroughly assess and address potential 

threats. One of the primary challenges is reduced government transparency. The 

reluctance of some governments to fully disclose information pertaining to the 

pandemic severely restricts access to crucial data. This secrecy leads to a lack of 

understanding and collaboration, which are essential in managing a global health 

crisis. 

Another major obstacle is the inconsistency of data sets. The data quality is 

compromised by issues like changing data collection criteria, diverse sources and 

formats, and non-comparable metrics between countries. This inconsistency hampers 

the ability to perform accurate analyses and draw reliable conclusions. Additionally, 

the data is often aggregated without clear timestamps, leading to potential 

misinterpretations of trends and patterns in the virus's spread. 

The complexity of the pandemic also presents difficulties in effectively 

conveying the results of data-driven analyses to society. The dynamic nature of the 

pandemic, exacerbated by the interconnectedness of today's world, makes it 

challenging to communicate findings in a way that is clear and understandable to the 

general public. This gap in communication leads to misinformation and a lack of 

proper understanding among the populace. 

Furthermore, the urgency to respond to the pandemic has resulted in many 

published results lacking sufficient validation. In the rush to provide timely 

recommendations, some findings are released without adequate verification, leading 

to potentially contradictory or ineffective guidelines. This was evident in the varying 

advice on mask usage by different health authorities. The absence of rigorous testing 

and validation of these findings before public dissemination undermines the response 
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to the pandemic, potentially leading to the adoption of ineffective or even detrimental 

practices. 

Overall, these threats underscore the complexities and challenges in leveraging 

data-driven methods during the COVID-19 pandemic. Addressing these issues 

requires collaborative efforts from governments, health organizations, and the 

scientific community to ensure data transparency, consistency, clarity, and validation. 

In summary, the consolidation is as follows: 

 

Figure 4: SWOT Analysis 
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1.1.2 Consolidated Time Series 

3.1.2.1 Clustering methods 

Table 1: Clusters of States Based on Confirmed, Death, and Recovered Cases 

Before Lockdown (March 5, 2020 - March 24, 2020) 

Cluster 1 Cluster 2 Cluster 3 

Maharashtra 

Kerala 

Tamil Nadu 

Bihar 

Jammu & Kashmir 

West Bengal 

Madhya Pradesh 

Andhra Pradesh 

Karnataka 

Rajasthan 

Punjab 

Delhi 

Haryana 

Telangana 

Gujarat 

Uttar Pradesh 

 

During the initial phase of the COVID-19 pandemic in India, spanning from March 5, 

2020, to March 24, 2020, states exhibited discernible clustering based on confirmed, 

death, and recovered cases before the nationwide lockdown was implemented. Table 

1 illustrates the clusters during this period, with Cluster 1 solely comprising 

Maharashtra, and Cluster 2 encompassing several states, including, Tamil Nadu, 

Bihar, Jammu & Kashmir, West Bengal, Madhya Pradesh, Andhra Pradesh, and 

Cluster 3 encompassing several states, including Karnataka, Rajasthan, Punjab, Delhi, 

Haryana, Telangana, Gujarat, and Uttar Pradesh.  
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Table 2: Clusters of States Based on Confirmed, Death, and Recovered Cases 

After Lockdown (March 25, 2020 - April 13, 2020) 

Cluster 1 Cluster 2 Cluster 3 

Maharashtra 

Tamil Nadu 

Delhi 

Telangana 

Uttar Pradesh 

Kerala 

Andhra Pradesh 

Rajasthan 

Madhya Pradesh 

Haryana 

Bihar 

West Bengal 

Punjab 

Karnataka 

Gujarat 

Jammu & Kashmir 
 

After the initiation of the lockdown from March 25, 2020, to April 13, 2020, a 

reconfiguration in state clusters occurred, as depicted in Table 2.  A cluster 

dendrogram is drawn to visually represent the discernible clustering of states before 

and after the nationwide lockdown (Figure 5, Figure 6). 
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Figure 5: Dendrogram of States Based on Confirmed, Death, and Recovered 

Cases Before Lockdown (March 5, 2020 - March 24, 2020) 

 

Figure 6: Dendrogram of States Based on Confirmed, Death, and Recovered 

Cases After Lockdown (March 25, 2020 - April 13, 2020) 
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Table 3: CFR of selected states and union territories 

ID 

Number 
State/Union Territories 

CFR as of May 

31 

CFR as of June 

30 

1 Andhra Pradesh 1.681 1.295 

2 Assam 0.337 0.141 

3 Bihar 0.550 0.643 

4 Chandigarh 1.384 1.379 

5 Chhattisgarh 0.223 0.470 

6 Delhi 2.242 3.146 

7 Gujarat 6.161 5.720 

8 Haryana 1.040 1.632 

9 Himachal Pradesh 1.597 0.955 

10 Jammu and Kashmir 1.196 1.312 

11 Jharkhand 0.888 0.618 

12 Karnataka 1.642 1.580 

13 Kerala 0.745 0.525 

14 Madhya Pradesh 4.346 4.218 

15 Maharashtra 3.371 4.479 

16 Odisha 0.384 0.335 

17 Punjab 1.970 2.547 

18 Rajasthan 2.239 2.293 

19 Tamil Nadu 0.755 1.323 

20 Telangana 3.081 1.643 

21 Tripura 0 0.072 

22 Uttarakhand 0.667 1.377 

23 Uttar Pradesh 2.699 2.943 

24 West Bengal 6.023 3.646 

 

Table 3 presents the Case Fatality Rates (CFR) of selected states and union territories 

in India as of May 31 and June 30. The CFR reflects the percentage of reported deaths 

in relation to confirmed COVID-19 cases. States like Gujarat, Madhya Pradesh, and 
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West Bengal exhibit higher CFR values, suggesting a relatively higher fatality rate. In 

contrast, states such as Assam, Chhattisgarh, and Kerala display lower CFR values, 

indicating a comparatively lower fatality rate among reported cases. 

The table 3 continues to track the CFR for selected states and union territories in India 

for June 30 also. A comparison with the May 31 data reveals dynamic changes in the 

CFR values, reflecting the evolving nature of the COVID-19 situation. Notable shifts 

can be observed in states like Delhi, where the CFR has increased from 2.242 to 

3.146, indicating a potential escalation in the severity of the pandemic.  

Table 4: Quartiles based on CFR as on 31 May 2020 

GROUP 1 

(0 to <0.725) 

GROUP 2 

(0.725 to <1.490) 

GROUP 3 

(1.490 to <2.356) 

GROUP 4 

(2.356 to 6.161) 

Assam Chandigarh Andhra Pradesh Gujarat 

Bihar Haryana Delhi Madhya Pradesh 

Chhattisgarh Jammu and Kashmir Himachal Pradesh Maharashtra 

Odisha Jharkhand Karnataka Telangana 

Tripura Kerala Punjab Uttar Pradesh 

Uttarakhand Tamil Nadu Rajasthan West Bengal 

Note: Minimum: 0, Quartile 1(25%): 0.725, Median (50%): 1.490, Quartile 3 (75%): 2.356 Maximum: 

6.161 
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Table 5: Quartiles based on CFR as of 30 June 2020 

GROUP 1 

(0.072 to <0.636) 

GROUP 2 

(0.636 to <1.378) 

GROUP 3 

(1.378 to <2.646) 

GROUP 4 

(2.646 to 5.720) 

Assam Andhra Pradesh Chandigarh Delhi 

Chhattisgarh Bihar Haryana Gujarat 

Jharkhand Himachal Pradesh Karnataka Madhya Pradesh 

Kerala Jammu and Kashmir Punjab Maharashtra 

Odisha Tamil Nadu Rajasthan Uttar Pradesh 

Tripura Uttarakhand Telangana West Bengal 

Note: Minimum: 0.072, Quartile 1(25%): 0.636, Median (50%): 1.378, Quartile 3 (75%): 2.646, 

Maximum: 5.720 

Table 4 and Table 5 represent the quartile based splits of CRF of selected states and 

union territories in India for May 31 and June 30. Severity of the disease increases 

from Group 1 to Group 4. States under Group 4 are high risk regions with higher 

severity of disease. These regions should have strict regulations and policies. Higher 

values of CFR in these states results a limited capacity of the surveillance system to 

trigger a timely response.  

Comparing the two tables, it was seen that some states show a shift from low risk 

group to high risk group (Bihar, Uttarakhand, Chandigarh, Haryana, and Delhi) and a 

few shows a shift from high risk group to low risk group (Jharkhand, Kerala, Andhra 

Pradesh, Himachal Pradesh, and Telangana).  
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Figure 7: Multiple bar chart showing CFR among different states and union 

territories for two different time points. 

From the graph it is clear that CFR in Bihar, Chhattisgarh, Delhi, Haryana, Jammu 

and Kashmir, Maharashtra, Rajasthan, Tamil Nadu, Tripura, Uttarakhand, and Utter 

Pradesh showed an increased severity within a month (Figure 7).  

Table 6: RR of selected states and union territories. 

ID 

Number 
State/Union Territories RR as on May 31 RR as on June 30 

1 Andhra Pradesh 0.641 0.448 

2 Assam 0.137 0.687 

3 Bihar 0.444 0.766 
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4 Chandigarh 0.653 0.802 

5 Chhattisgarh 0.228 0.787 

6 Delhi 0.435 0.660 

7 Gujarat 0.564 0.727 

8 Haryana 0.504 0.668 

9 Himachal Pradesh 0.354 0.590 

10 Jammu and Kashmir 0.387 0.633 

11 Jharkhand 0.454 0.760 

12 Karnataka 0.341 0.537 

13 Kerala 0.475 0.513 

14 Madhya Pradesh 0.563 0.762 

15 Maharashtra 0.430 0.523 

16 Odisha 0.577 0.721 

17 Punjab 0.880 0.694 

18 Rajasthan 0.666 0.771 

19 Tamil Nadu 0.566 0.553 

20 Telangana 0.565 0.362 

21 Tripura 0.641 0.766 

22 Uttarakhand 0.136 0.745 

23 Uttar Pradesh 0.592 0.679 

24 West Bengal 0.384 0.654 
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Table 7: Quartiles based on RR as on 31 May 2020 

GROUP 1 

(0.136 to <0.386) 

GROUP 2 

(0.386 to <0.490) 

GROUP 3 

(0.490 to <0.581) 

GROUP 4 

(0.581 to 0.880) 

Assam Bihar Gujarat Andhra Pradesh 

Chhattisgarh Delhi Haryana Chandigarh 

Himachal Pradesh Jammu and Kashmir Madhya Pradesh Punjab 

Karnataka Jharkhand Odisha Rajasthan 

Uttarakhand Kerala Tamil Nadu Tripura 

West Bengal Maharashtra Telangana Uttar Pradesh 

Note: Minimum: 0.136, Quartile 1 (25%): 0.386, Median (50%): 0.490, Quartile 3 (75%): 0.581, 

Maximum: 0.880 

Table 8: Quartiles based on RR as on 30 June 2020 

GROUP 1 

(0.362 to <0.581) 

GROUP 2 

(0.581 to <0.683) 

GROUP 3 

(0.683 to <0.761) 

GROUP 4 

(0.761 to 0.802) 

Andhra Pradesh Delhi Assam Bihar 

Karnataka Haryana Gujarat Chandigarh 

Kerala Himachal Pradesh Jharkhand Chhattisgarh 

Maharashtra Jammu and Kashmir Odisha Madhya Pradesh 

Tamil Nadu Uttar Pradesh Punjab Rajasthan 

Telangana West Bengal Uttarakhand Tripura 

Note: Minimum: 0.362, Quartile 1 (25%): 0.581, Median (50%): 0.683, Quartile 3 (75%): 0.761, 

Maximum: 0.802 
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Table 6 presents recovery rate (RR) of selected states and union territories in India as 

of May 31 and June 30. Table 7 and Table 8 represent the quartile-based splits of RR 

of selected states and union territories in India for May 31 and June 30. Recovery rate 

among states increases from Group 1 to Group 4. Punjab has the highest recovery rate 

per death of 44 as on May 30, 2020 while Uttarakhand, with 5 deaths has the lowest 

recovery rate. By June 30, 2020 Chandigarh shows a high recovery rate while 

Telangana has the lowest recovery rate (Figure 8).  

 

Figure 8: Multiple bar chart showing RR among different states and union 

territories for two different time points. 

The figure indicates that there is a wide variance between recovery rates of states 

within a month. Recovery rate for most of the states have increased expect Andhra 

Pradesh, Punjab, and Telangana (Figure 8). 
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Table 9: MR of selected states and union territories. 

ID 

Number 
State/Union Territories MR as on May 31 MR as on June 30 

1 Andhra Pradesh 0.121 0.363 

2 Assam 0.012 0.035 

3 Bihar 0.019 0.060 

4 Chandigarh 0.378 0.568 

5 Chhattisgarh 0.003 0.051 

6 Delhi 2.477 15.964 

7 Gujarat 1.666 3.023 

8 Haryana 0.078 0.915 

9 Himachal Pradesh 0.072 0.131 

10 Jammu and Kashmir 0.228 0.774 

11 Jharkhand 0.015 0.045 

12 Karnataka 0.078 0.370 

13 Kerala 0.026 0.066 

14 Madhya Pradesh 0.472 0.777 

15 Maharashtra 1.955 6.772 

16 Odisha 0.016 0.055 

17 Punjab 0.158 0.497 

18 Rajasthan 0.281 0.591 

19 Tamil Nadu 0.221 1.581 

20 Telangana 0.219 0.723 

21 Tripura 0 0.027 

22 Uttarakhand 0.049 0.387 

23 Uttar Pradesh 0.101 0.336 

24 West Bengal 0.338 0.715 
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Table 10: Quartiles based on MR as on 31 May 2020 

GROUP 1 

(0 to <0.025) 

GROUP 2 

(0.025 to <0.110) 

GROUP 3 

(0.110 to <0.295) 

GROUP 4 

(0.295 to 2.477) 

Assam Haryana Andhra Pradesh Chandigarh 

Bihar Himachal Pradesh Jammu and 

Kashmir 

Delhi 

Chhattisgarh Karnataka Punjab Gujarat 

Jharkhand Kerala Rajasthan Madhya Pradesh 

Odisha Uttarakhand Tamil Nadu Maharashtra 

Tripura Uttar Pradesh Telangana West Bengal 

Note: Minimum: 0 Quartile 1 (25%): 0.025 Median (50%): 0.110 Quartile 3 (75%): 0.295 Maximum: 

2.477 

Table 11: Quartiles based on MR as on 30 June 2020 

GROUP 1 

(0.027 to <0.064) 

GROUP 2 

(0.064 to <0.442) 

GROUP 3 

(0.442 to <0.775) 

GROUP 4 

(0.774 to 15.963) 

Assam Andhra Pradesh Chandigarh Delhi 

Bihar Himachal Pradesh Jammu and 

Kashmir 

Gujarat 

Chhattisgarh Karnataka Punjab Haryana 

Jharkhand Kerala Rajasthan Madhya Pradesh 

Odisha Uttarakhand Telangana Maharashtra 

Tripura Uttar Pradesh West Bengal Tamil Nadu 

Note: Minimum: 0.027 Quartile 1 (25%): 0.064 Median (50%): 0.442 Quartile 3 (75%): 0.775 

Maximum: 15.963 
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Table 9 presents mortality rate (MR) of selected states and union territories in India as 

of May 31 and June 30. Table 10 and Table 11 represent the quartile-based splits of 

MR of selected states and union territories in India for May 31 and June 30. The 

mortality rate for states increases from Group 1 to Group 4. High mortality rate 

indicate increasing number of deaths due to COVID-19 pandemic. Even though the 

magnitude of mortality rate has changed, most of the states are likely to remain in 

their respective groups except Haryana, Andhra Pradesh, Madhya Pradesh, 

Chandigarh, Tamil Nadu and Telangana (Figure 9). 

 

Figure 9: Multiple bar chart showing MR among different states and union 

territories for two different time points. 

Delhi and Maharashtra show a hike in mortality rate within a month. The mortality 

rate for Delhi increased from 2.477 to 15.964 because the death due to COVID-19 

increased from 416 to 2680. In case of Maharashtra the mortality rate increased from 

1.955 to 6.772 with number of deaths from 2197 to 7610 (Figure 9). 
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1.1.2.2 Time-series theory  

Table 12: Augmented Dickey-Fuller test of the time series data 

Dickey-Fuller Lag order Significance 

1.30 4 0.99 

alternative hypothesis: stationary 
  

Table 12 displays the Augmented Dickey-Fuller test results for time-series data, 

indicating a Dickey-Fuller Statistic of 1.30 with a lag order of 4 and a significance 

level of 0.99. The outcomes support the alternative hypothesis of stationarity, 

suggesting that the analyzed data may exhibit a stationary behavior. 

Table 13: In-sample Forecasting of COVID-19 Confirmed Cases 

Days 
Forecasted Value of 

Confirmed Cases 

True Value of 

Confirmed Cases 
Error 

20-05-2020 5694 5720 26 

21-05-2020 5903 6023 120 

22-05-2020 6496 6536 40 

23-05-2020 6640 6665 25 

24-05-2020 6979 7111 132 
 

Table 13 in the thesis analysis displays predicted and actual COVID-19 confirmed 

cases for specific dates along with the error terms, which quantifies the variance 

between the forecasted and true values. 
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Table 14: Ljung Box Test 

   df Significance 

0.27 1 0.60 
 

Table 14 reports the outcomes of the Ljung-Box test, a statistical diagnostic for 

assessing autocorrelation in time series data. The table enumerates the test statistic 

(χ^2), the degrees of freedom (df), and the associated significance level. The 

computed test statistic is 0.27 with 1 degree of freedom, and the p-value, or 

significance level, is recorded as 0.60. Under the chosen significance threshold of 

0.60, there exists insufficient empirical support to reject the null hypothesis. 

Therefore, there is not statistically significant evidence to assert the presence of 

autocorrelation within the analyzed time series data. 

Table 15: Forecasting of COVID-19 Confirmed Cases, India (May 31, 2020 - 

June 24, 2020) 

Days 
Confirmed 

Cases 

Lower 

Bound 

80% CI 

Upper 

Bound 

80% CI 

Lower 

Bound 

95% CI 

Upper 

Bound 

95% CI 

31-05-2020 8893 8242 9544 7898 9888 

06-06-2020 10781 9599 11963 8974 12588 

13-06-2020 12669 10848 14490 9884 15454 

24-06-2020 15097 12324 17870 10855 19338 

 

Table 15 summarizes COVID-19 forecasts for India from May 31, 2020, to June 24, 

2020. It includes predicted cases for specific dates, along with 80% and 95% 

confidence intervals, indicating the range of uncertainty. 



Results 

 Page 147 

  

Table 16: Interrupted Time Series of COVID-19 Confirmed Cases, India 

(January 30, 2020 - May 31, 2020) 

Coefficients Estimate P-value 

(Intercept) 0.04 0.700 

Lockdown impact 0.70 0.001* 

Note: *p < 0.001 

Time Series analysis for COVID-19 confirmed cases in India from January 30, 2020, 

to May 31, 2020 is presented in Table 16. The table displays coefficients, their 

estimates, and associated p-values. The lockdown impact coefficient, representing the 

effect of the lockdown on confirmed cases, has an estimate of 0.70 with a highly 

significant p-value of 0.001. This succinctly captures the key findings of the 

Interrupted Time Series analysis, emphasizing the significant impact of the lockdown 

on COVID-19 confirmed cases in India within the specified timeframe. 

 

Figure 10: Time Series Plot of COVID-19 Confirmed Cases, India (January 30, 

2020 - May 31, 2020) 
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Figure 11: Plot of the Differenced Data of COVID-19 Confirmed Cases, India 

(January 30, 2020 - May 31, 2020) 

 

 

Figure 12: ACF Plot of COVID-19 Confirmed Cases, India (January 30, 2020 - 

May 31, 2020) 
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Figure 13: PACF Plot of COVID-19 Confirmed Cases, India (January 30, 2020 - 

May 31, 2020) 

 

Figure 14: Plot of Forecast of COVID-19 Confirmed Cases, India (May 31, 2020 

- June 23, 2020) 
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Graphical presentations for the time-series data are presented above. Figure 10 

presents a time series plot illustrating the progression of COVID-19 confirmed cases 

in India from January 30, 2020, to May 31, 2020. In Figure 11, the plot displays the 

differenced data of COVID-19 confirmed cases for the same period. Figure 12 

presents an Autocorrelation Function (ACF) plot for COVID-19 confirmed cases in 

India from January 30, 2020, to May 31, 2020. This plot gives the correlation between 

each data point and its lagged values, providing insights into the temporal patterns and 

potential dependencies in the confirmed cases data. Figure 13 displays a Partial 

Autocorrelation Function (PACF) plot for the same period. The PACF plot aids in 

identifying the direct relationship between data points while removing the influence 

of intermediate lagged values. Figure 14 showcases a plot of the forecasted COVID-

19 confirmed cases in India from May 31, 2020, to June 23, 2020. This represents a 

glimpse into the anticipated trajectory of confirmed cases, providing valuable 

information for understanding the expected trends in the near future. 

1.1.3 Estimation of the state of the pandemic 

1.1.3.1 Real-Time Epidemiology 

The exponential growth fitting results are depicted. It shows that the early outbreak of 

COVID-19 data in India was largely following an exponential growth at an estimated 

rate of 1.127 per day. The estimated coefficients and 95% CI for this model. Depicts 

the coefficient of determination    = 0.963 for this fit. In India exponential model 

forecasts considerable uncertainties between the actual and predicted number of cases 

at the later phase. The rapid increase in predicted cases of exponential model due to 

the inability of this model to account for eventual decay in an epidemic (Figure15). 
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Figure 15: Predictions using the exponential growth model with respect to the 

number of original cases. 

Table 17: Estimated coefficients using the Exponential Growth model 

 Coefficient Standard 

error 

T P>|t| [0.025 0.975] 

Constant -0.71 0.14 -4.91 0.000 -1.09 -0.42 

Time 0.11 0.002 53.34 0.000 0.11 0.12 

 

Table 18: Statistics for Exponential Growth Model 

R-squared Adjusted R- 

squared 

F-Statistic AIC BIC 

0.963 0.96 2845 261.0 266.5 
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The SIR model is developed for predicting the growth of COVID-19 in India using 

the basic reproduction number. Table 17 presents the estimated coefficients using the 

Exponential Growth model. The population size N is taken as        . The model 

parameter values of the epidemic models are used in this study to estimate    .as it 

determines how the number of infections grow and spread in the population                    

(Table 18).  

The study calibrates the parameters of the SIR model to fit the reported data of 

confirmed cases till May 20. The plot of model fitting using the SIR model is depicted 

in Figure 16. Basic reproduction number (𝑅0) is estimated to be 1.012 which means a 

single individual was infected 1.012 other individuals.  

The estimated value of    from the SIR model suggests that disease will spread and 

eventually invade in India. The decrease in Ro value due to strict lockdown measures 

implemented by India at the earlier phase of the pandemic suggesting if lockdown is 

weakened this will increase rapidly. Table 19 shows the actual and predicted number 

of infections using the SIR model. From this table, the discrepancies between actual 

and predicted cases using the SIR model by fitting the model to the official reported 

data was inferred. 
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Figure 16: Fit of SIR model to reported data in India. 

Table 19: Predicted and actual values of confirmed cases using fitted SIR model 

SIR model 

Day Live Data Predicted 

1 1.0 1.00 

2 1.0 1.12 

3 2.0 1.25 

4 3.0 1.41 

5 3.0 1.58 

.. … … 

108 85710.0 89365.39 

109 90637.0 91786.86 

110 95759.0 93680.07 

111 100325.0 94998.06 

112 106750.0 95707.45 
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The study also validates the current spreading rate using the SIRD model. The least-

square fitting of the real data using the SIRD model gives us the basic reproduction 

number as 1.1129. Thus, the number of infections in the population grows and 

spreads. Figure 17 illustrates the plot of the fitted SIRD model. Predicted and actual 

values of infection in India using the SIRD model are depicted (Table 19). 

 

Figure 17: Fit of SIRD model to reported data in India. 

Table 20: Predicted and actual values of confirmed cases using fitted SIRD model. 

SIRD model 

Day Live data Predicted 

1 1.0 1.00 

2 1.0 1.11 

3 2.0 1.23 

4 3.0 1.37 

5 3.0 1.53 

.. … … 
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108 85710.0 88674.57 

109 90637.0 98571.50 

110 95759.0 109564.12 

111 100325.0 121771.64 

112 106750.0 135325.74 
 

According to the results of both the models, the basic reproduction number of 

COVID-19 in India is estimated to be 1.012 and 1.1129 for SIR and SIRD models 

respectively. The basic reproduction number obtained by two models has only slight 

variations. However, both models show that the virus spreads through the population 

increases the number of infected people. 

1.1.3.2 Epidemic Wave Insight  

The prediction model was performed with respect to each state. Histogram for the 

standardized residual of the fitted regression model with log of active cases as 

dependent variable looked plausible where residuals approximated a normal 

distribution with no weird shapes or low values or extremely high values. Normal P-P 

plot demonstrated that the distribution of standardized residual deviates only 

moderately from a distribution that was classically bell-shaped.  

The scatter plot indicated that the distribution of residuals across the expected values 

was equal, suggesting that the model was homoscedastic. Statistical models have been 

constructed for the duration of patients under COVID-19 across all states in India. 

The model fitted well for all the regions. Log of New Cases and log of observed cases 

was plotted against the log of Predicted Active Cases with the corresponding upper 

and lower confidence limits. 
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Figure 18: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Chandigarh 

 

 

Figure 19: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Uttar Pradesh 
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Figure 20: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Madhya Pradesh 

Log of New Cases was plotted against log of predicted active cases with the 

corresponding upper and lower confidence limits and was found linear for central 

states of India comprising the states Chhattisgarh (Figure 18), Uttar Pradesh (Figure 

19), and Madhya Pradesh (Figure 20). Even though the model fit was enough to 

predict the average duration of COVID-19, there was a significant difference in the 

average duration between central states.  

Madhya Pradesh(  =0.76) has an average duration as high as 68 days (CI= 50.348- 

92.814), whereas Uttar Pradesh(  =0.88) with 25 days (CI = 19.353 - 32.484) and 

Chhattisgarh(  =0.94) with 12 days (CI = 10.406 - 14.583).  
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Figure 21: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Odisha 

 

 

Figure 22: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

West Bengal 
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Figure 23: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Bihar 

 

 

Figure 24: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Jharkhand 
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In the eastern region, log of new cases against log of predicted active cases with the 

upper and lower confidence limits was plotted for Odisha (Figure 21), West Bengal 

(Figure 22), Bihar (Figure 23), and Jharkhand (Figure 24). The average duration in 

days where a patient remains a patient is 11 (CI = 9.497-13.881) in West Bengal 

(  =0.94) while the average days‟ rise to 25 days (CI = 19.806-30.632) in Jharkhand 

(  =0.87). Duration days of disease in Odisha(  =0.95) and Bihar(  =0.92) are 13 

days (CI = 11.168-15.035) and 17 days (CI = 13.637-20.132). 

 

Figure 25: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Rajasthan 
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Figure 26: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Jammu Kashmir 

 

Figure 27: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Himachal Pradesh 
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Figure 27: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Madhya Pradesh 

 

Figure 28: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Uttarakhand 
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Figure 29: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Haryana 

 

 

Figure 30: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Delhi 
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Figure 31: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Punjab 

 

 

Figure 32: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Ladakh 
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In the northern region, log of new cases against log of predicted active cases was 

plotted with the corresponding upper and lower confidence limits for the states 

Rajasthan, Jammu and Kashmir, Himachal Pradesh, Uttarakhand, Haryana, Delhi 

(  =0.87), Punjab, Chandigarh, and Ladakh and were found to be linear (Figure 25-

32). The average duration of days in Rajasthan (  =0.93) and Jammu Kashmir 

(  =0.93) is 14 days (CI = 11.801-16.984) (CI = 11.337-16.118), Himachal Pradesh 

(  =0.91) takes around 18 days (CI = 15.930-21.309) while Uttarakhand (  =0.90) 

takes around 20 days (CI = 116.625-23.616) followed by Haryana (  =0.89) 31 days 

(CI = 25.567-38.029) and Chandigarh (  =0.78) 32 days (CI = 26.839-37.502). With 

an average length of 36 days, Punjab (  =0.8) has the highest recovery rate among 

the northern states (CI = 28.370-48.042). Delhi (  =0.87) has an average recovery 

time of 22 days having a confidence interval of 17 days to 30 days. The union 

territories like Ladakh (  =0.75), which has a model fit of 75 per cent (  =0.75) and 

has a duration of 28 days for a patient to be patient (CI = 23.76 and 33.32). 

 

Figure 33: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Manipur 
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Figure 34: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Arunachal Pradesh 

 

 

Figure 35: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Meghalaya 
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Figure 36: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Assam 

 

 

Figure 37: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Nagaland 
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Figure 38: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Sikkim 

Log of new cases against log of predicted active cases with the upper and lower 

confidence limits was plotted for northeast states. Manipur, Arunachal Pradesh, 

Meghalaya, Assam, Nagaland, Sikkim, and Mizoram (Figure 34-38). High model fit 

was found in states of Manipur (  =0.93), Arunachal Pradesh (  =0.86), Meghalaya 

(  =0.85) and Assam (  =0.85) with average recovery days of 5, 6, 23, 34 days. 

Nagaland (  =0.67) has a model fit of 67 per cent (  =0.67)   and has a duration of 

18 days (CI = 12.42-24.99), similarly Sikkim(  =0.66) with a model fit of 67 

percentages (  =0.67) and duration of 29 days (CI = 22.84-35.76). Finally, Mizoram 

(  =0.58) has the least model fit with 59 per cent (  =0.59) and a duration of 16 days 

(CI = 12.20-19.78). 
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Figure 39: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Tamil Nadu 

 

 

Figure 40: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Karnataka 
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Figure 41: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Kerala 

 

Figure 42: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Andhra Pradesh 
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Figure 43: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Puducherry 

 

Figure 44: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Andaman and Nicobar Island 
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For southern states named Tamil Nadu, Karnataka, Kerala, Andhra Pradesh, 

Puducherry, and Andaman and Nicobar Islands, log of new cases against log of 

predicted active cases with the upper and lower confidence limits was plotted (Figure 

39-44). Andhra Pradesh (  =0.89) takes an average of 19 days (CI = 14.610-24.472, 

15.642-22.675) to recover, where Andaman and Nicobar Islands (  =0.8) and Tamil 

Nadu (  =0.96) take an average of 7 days (CI = 5.993-8.530, 5.710-7.999) to recover, 

followed by Kerala (  =0.94) with 14 days (CI = 11.882-16.170), Karnataka 

(  =0.95) with 17 days (CI = 13.753-19.829), and Puducherry (  =0.82) with 23 

days (CI = 18.743-28.089). 

 

Figure 45: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Gujarat 
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Figure 46: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Goa 

 

Figure 47: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Maharashtra 
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Figure 48: Logarithmic Trend of Active COVID-19 Cases Versus New Cases in 

Dadra, Nagar Haveli, Daman and Diu 

In western states, Gujarat, Goa, Maharashtra Dadra, Nagar Haveli, Daman and Diu, 

log (New Cases) against log (Predicted Active Cases) along with its upper and lower 

confidence limits was plotted (Figure 45-48). Dadra and Nagar Haveli and Daman 

and Diu (  =0.73) have a model fit of 73 per cent (  =0.73) and has a duration of 15 

days with a confidence interval of 12.44 days and 17.35 days wherein Goa (  =0.88) 

and Gujarat (  =0.92) the duration is almost equal, almost 8 to 10 days (CI = 7.450-

12.098, 6.167-9.524). Maharashtra (  =0.86) has and average recovery time of 22 

days with a confidence interval of 15 days to 32 days (Table 21). 
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Table 21: Average duration (days) of COVID-19 patients in Indian states 

Region State     F  B b1 AD LL UL 

Central 

Chhattisgarh 0.941 4184.1 2.51 0.969 12.3 10.4 14.5 

Uttar Pradesh 0.883 2101.0 3.22 0.896 25.0 19.3 32.4 

Madhya Pradesh 0.761 835.5 4.22 0.726 68.3 50.3 92.8 

East 

Odisha 0.956 5823.2 2.56 0.940 12.9 11.1 15.0 

West Bengal 0.948 4789.7 2.44 0.980 11.4 9.4 13.8 

Bihar 0.923 3143.0 2.80 0.914 16.5 13.6 20.1 

Jharkhand 0.871 1695.1 3.20 0.867 24.6 19.8 30.6 

North 

Rajasthan 0.937 4179.2 2.65 0.952 14.1 11.8 16.9 

J&K 0.932 3737.5 2.60 1.007 13.5 11.3 16.1 

Himachal Pradesh 0.915 2802.9 2.91 0.898 18.4 15.9 21.3 

Uttarakhand 0.901 2441.0 2.98 0.899 19.8 16.6 23.6 

Haryana 0.891 2274.5 3.44 0.806 31.1 25.5 38.0 

Delhi 0.870 1884.8 3.12 0.892 22.7 17.1 30.0 

Punjab 0.802 1112.4 3.60 0.811 36.9 28.3 48.0 

Chandigarh 0.789 986.2 3.45 0.740 31.7 26.8 37.5 

Ladakh 0.750 829.7 3.33 0.806 28.1 23.7 33.3 

Northeast 

Manipur 0.936 3776.9 1.59 1.224 4.9 4.2 5.8 

Arunachal Pradesh 0.863 1568.9 1.83 1.193 6.2 5.0 7.7 

Meghalaya 0.856 1414.2 3.14 0.878 23.1 19.7 27.0 

Assam 0.850 1423.1 3.54 0.842 34.4 26.6 44.5 

Nagaland 0.671 417.5 2.86 0.980 17.6 12.4 24.9 

Sikkim 0.669 401.0 3.35 0.754 28.5 22.8 35.7 

Mizoram 0.588 368.8 2.74 0.955 15.5 12.2 19.7 

South 

Tamil Nadu 0.967 8117.1 1.91 1.061 6.7 5.7 7.9 

Karnataka 0.950 5227.6 2.80 0.968 16.5 13.7 19.8 

Kerala 0.946 5514.6 2.62 0.966 13.8 11.8 16.1 

Andhra Pradesh 0.898 2381.9 2.94 0.926 18.9 14.6 24.4 

Telangana 0.840 2767.2 2.93 0.935 18.8 15.6 22.6 

Puducherry 0.826 1257.3 3.13 0.878 22.9 18.7 28.0 

A&N 0.804 1052.7 1.96 1.139 7.1 5.9 8.5 

West 

Gujarat 0.920 3043.2 2.25 1.056 9.4 7.4 12.0 

Goa 0.884 1949.5 2.03 1.064 7.6 6.1 9.5 

Maharashtra 0.864 1746.5 3.10 0.965 22.2 15.3 32.1 

DNH&D 0.732 593.0 2.68 0.835 14.6 12.4 17.3 
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Note: p value <0.05 for all states, B= unstandardized beta coefficient, b1= slop of the regression line, 

AD- Average Duration (days), LL- Lower Limit, UL- Upper Limit, J&K- Jammu and Kashmir, A&N- 

Andaman and Nicobar, DNH&D- Dadra, Nagar Haveli, Daman and Diu 

3.2 Model 

3.2.1. Basic Model 

Table 22: COVID-19 prediction in Exponential Model, Logistic Model, 

Gompertz Model, and Bertalanffy model. 

Model Parameter Value Of the Parameter 

Exponential model 

I0 0.399 

r 0.128 

Logistic model 

I0 13642.053 

r 0.094 

k 124935.667 

Gompertz model 

I0 20.945 

r 0.021 

k 789143.13 

Bertalanffy model 

I0 12.333 

r 0.014 

k 1609200.51 

Note: Where I0 is the initial number of cases, k is the carrying capacity of an epidemic, r is the 

growth    rate 
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Table 23: Coefficient of determination (  )
 based on fitted models. 

Growth Models Fitted Growth Models 
   

Values 

Exponential growth model  ( )                 0.160 

Logistic growth model  ( )   
     

                          
 0.997 

Gompertz growth model  ( )                       
       

 0.998 

Bertalanffy growth model  ( )            (           )        0.999 
 

Referring Table 22 and Table 23, for exponential model (Figure 49), the expected 

number of infected cases at time t = 0, I0 is 0.399 and the value of the growth factor r 

is 0.1280. By substituting these values on the exponential model, we get,  

 ( )                 

This formula was used to estimate the predictions and also experienced correlation 

score 0.160 between predicted and actual scores. This correlation score clearly 

highlights that exponential model is inefficient to estimate the cumulative spread of 

COVID-19 pandemic in future days. Hence moving on to higher growth models.    

The prediction methods of Logistic model, Gompertz model and Bertalanffy model 

are similar, but the mathematical models are different. For logistic model (Figure 50), 

1,24,935.667 is the predicted maximum of the confirmed cases and the value of the 

growth factor r is 0.094. The expected number of infected cases at time t = 0, I0 is 

0.094. By substituting these values on the Logistic model we get,  

 ( )   
     

                          
. 
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This formula was used to estimate the predictions and also experienced correlation 

score 0.997 between predicted and actual scores. It indicates that logistic model is 

99.76% efficient in making predictions.                                       

For Gompertz model (Figure 51), 7,89,143.1360 is the predicted maximum of the 

confirmed cases and the value of the growth factor r is 0.021. The expected number of 

infected cases at time t = 0, I0 is 20.945. By substituting these values on the logistic 

model we get, 

 ( )                       
       

 

This formula was used to estimate the predictions and also experienced correlation 

score 0.998 between predicted and actual scores. It indicates that logistic model is 

99.89% efficient in making predictions. 

For Bertalanffy model (Figure 52), 16,09,200.51 is the predicted maximum of the 

confirmed cases and the value of the growth factor r is 0.014. The expected number of 

infected cases at time t = 0, I0 is 12.333. By substituting these values on the logistic 

model we get, 

 ( )            (          )      . 

This formula was used to estimate the predictions and also experienced correlation 

score 0.999 between predicted and actual scores. It indicates that logistic model is 

99.9% efficient in making predictions. This correlation score clearly highlights that 

Bertalanffy model is most efficient in estimating the cumulative spread of COVID-19 

pandemic in future days. 
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Figure 49: Exponential growth curve of COVID-19 in India 

 

Figure 50: Logistic growth curve of COVID-19 in India 
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Figure 51: Gompertz growth curve of COVID-19 in India. 

 

Figure 52: Bertalanffy growth curve of COVID-19 in India. 
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Figure 53: Efficiency of growth models. 

According to the value of   , the best model fitted is Bertalanffy growth model 

(  =0.999) (Figure 53).  

Table 24: Observed and Predicted values as per Bertalanffy growth model from 

11 May 2020 to 20 June 2020. 

Date Real data Predicted data Difference 

11-05-2020 67152 65113 2039 

12-05-2020 70756 68553 2203 

13-05-2020 74281 72114 2167 

14-05-2020 78003 75797 2206 

15-05-2020 81970 79602 2368 

16-05-2020 85940 83529 2411 

17-05-2020 90927 87580 3347 

18-05-2020 96169 91754 4415 

19-05-2020 101139 96053 5086 
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20-05-2020 106750 100075 6675 

21-05-2020 112359 105022 7337 

22-05-2020 118447 108692 9755 

23-05-2020 125101 112486 12615 

24-05-2020 131868 116404 15464 

25-05-2020 138845 121444 17401 

26-05-2020 145380 126607 18773 

27-05-2020 151767 131891 19876 

28-05-2020 158333 137297 21036 

29-05-2020 165799 142822 22977 

30-05-2020 173763 148467 25296 

31-05-2020 182143 154229 27914 

01-06-2020 190535 160109 30426 

02-06-2020 198706 167104 31602 

03-06-2020 207615 174213 33402 

04-06-2020 216919 181434 35485 

05-06-2020 226770 187768 39002 

06-06-2020 236657 194210 42447 

07-06-2020 246628 200761 45867 

08-06-2020 256611 207418 49193 

09-06-2020 266598 214179 52419 

10-06-2020 276583 221042 55541 

11-06-2020 286579 228006 58573 

12-06-2020 297535 235068 62467 

13-06-2020 308993 242227 66766 

14-06-2020 320922 249479 71443 

15-06-2020 332424 256824 75600 

16-06-2020 343091 264258 78833 

17-06-2020 354065 271780 82285 

18-06-2020 366946 279387 87559 

19-06-2020 380532 287076 93456 

20-06-2020 395048 294846 100202 
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Figure 54: Graph showing deflection between observed data vs. predicted data. 

Table 24 is the comparison between observed and predicted data according to the 

Bertalanffy growth model for the period from May 11, 2020, to June 20, 2020. The 

table includes dates, real data, predicted data, and the difference between the two, 

highlighting how well the model aligns with the actual COVID-19 case numbers 

during this timeframe. From its graphical representation (Figure 54) it is clear that 

after a certain period of time there is a clear deviation from the predicted number of 

cases. The deviation is resulted from the violation of growth model assumption that 

was made on the population which includes the phase-wise removal of lockdown, 

arrival of expats and partial lifting of restrictions. As on 20 June 2020 the predicted 

number of cases and actual number of cases differs in 100202. This huge deviation 

due to the ill-timed relaxation of lockdown. This will lead to further research question 

such as whether the lockdown was successful in reducing the impact of COVID-19 in 

India. 
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3.2.2. Prediction Model 

3.2.2.1 Time-Response and Viral Shedding of COVID-19 

Shown below the obtained values of MR, RR, Crude CFR, and the Yoshikura 

estimate of CFR. The data required was collected from March 12, 2020 to July 3, 

2020.  Kerala has the least CFR of 0.52% indicating the least severity and Gujarat has 

the highest CFR of 5.49% representing the acme of the epidemic. The states with 

comparatively low CFR other than Kerala are Himachal Pradesh (0.87%) and Andhra 

Pradesh (1.22%). And Maharashtra (4.34%) is the state with comparatively high CFR 

other than Gujarat. Along with CFR two other measures namely Mortality Rate and 

Recovery Rate to comprehend and analyze the impact of COVID-19.  

Table 25: The values obtained for MR, RR, Crude CFR, Yoshikura CFR from 

March 12, 2020 to July 3, 2020. 

STATE MR RR CRUDE CFR YOSHIKURA CFR 

Kerala 0.074 59.051 0.00522 0.00523 

Tamil Nadu 1.919 56.837 0.01348 0.00753 

Jammu & Kashmir 0.970 63.361 0.01486 0.00921 

Punjab 0.569 71.885 0.02655 0.02594 

Andhra Pradesh 0.243 45.457 0.01227 0.01337 

Karnataka 0.482 44.682 0.01496 0.01243 

Himachal Pradesh 0.131 61.179 0.00872 0.00746 

Telangana 0.804 49.963 0.01387 0.0171 

Maharashtra 7.452 54.255 0.04344 0.03676 

Gujarat 3.153 71.934 0.05497 0.05393 
 

Kerala was observed with the lowest mortality rate of 0.07483 and highest recovery 

rate of 59.05%. At the same time Maharashtra was found to be one of the severely 

affected states with the most elevated death pace of 7.45276 (approx.) (Table 25). The 
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graphical comparison of Crude CFR and Yoshikura CFR from March 12, 2020 to July 

3, 2020 (Figure 55) along with the Mortality rate and Recovery rate of states from 

March 12, 2020 to July 3, 2020 are presented (Figure 56). 

 

Figure 55: Comparison of Crude CFR and Yoshikura CFR from March 12, 2020 

to July 3, 2020. 

 

Fig 56: Mortality rate and Recovery rate of states from March 12, 2020 to July 3, 

2020 

 For evaluating the statistical distribution that best fits the data, 73 daily data from 12 

Mar 2020 of India. All the variables are summarized below using descriptive 

statistics. Table 26 reflects the descriptive statistics with a skewness and kurtosis of 
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4.97344 and 41.16669 respectively indicating the deviation from normality to right 

skewed distribution. Fig 57 depicts the histogram and CDF plot indicating the right 

skewed distribution graphically. Fig 58 depicts the Skewness-kurtosis plot for a 

continuous variable. Fig 59 portrays the goodness of fit plots of Weibull, Gamma, and 

Lognormal distributions. These plots helped us to determine the best fitted 

distribution. 

Table 26: COVID-19 Mortality in India. 

Data Min Max Median Mean 
Estimated 

S.D 

Estimated 

skewness 

Estimated 

kurtosis 

Number of Deaths 0 2004 103.5 163.78 226.18 4.97 41.16 

        

 

Figure 57: Histogram and CDF plots of an empirical distribution for a 

continuous variable (fitted to the data of COVID 19 mortality in India) 
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Figure 58: Skewness-kurtosis plot for a continuous variable (fitted to the data of 

COVID 19 mortality in India) 

 

Figure 59: Four goodness-of-fit plots for various distributions fitted to 

continuous data (Weibull, Gamma and Lognormal distributions fitted to the data 

of COVID 19 mortality in India). 
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Table 27 demonstrates the estimate and standard error of the unknown parameters of 

Weibull, Gamma and Lognormal distributions along with the Log Likelihood, AIC 

and BIC values using the MLE method. Hence secured the gamma distribution owns 

the maximum Log likelihood value. 

Table 27: COVID-19 Mortality Distributions in India Using MLE Method 

Distributions Parameters 
Log 

likelihood 
AIC BIC 

Weibull 

 Estimate Std Error 

-659.17 1322.35 1327.72 Shape 0.79 0.06 

Scale 152.43 19.43 

Gamma 

Shape 0.68 0.07 

-658.69 1322.35 1327.72 

Rate 0.003 0.001 

Log normal 

Mean log 4.27 0.16 

-671.59 1347.19 1352.55 

Sdlog 1.69 0.11 
  

Table 28 reflects the goodness of fit using Kolmogorov-Smirnov statistic. Hence 

obtain the Gamma distribution is the best fitted distribution as it satisfies the criteria 

of having lower AIC value of 1321.395 when compared to others. 

Therefore Table obtained shape parameter α =  0.68809 and rate parameter 

 λ  =  0.00398 

Therefore, the fitted model of Gamma distribution is obtained as follows: 

                        f(x,α,λ)=0.016936                             with x∈𝑅                                           
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Table 28: Goodness of fit comparison via K-S Statistic and evaluation through 

AIC. 

Goodness-of-fit statistics 

 Weibull Gamma Lognormal 

Kolmogorov-Smirnov statistic 0.077 0.070 0.130 

Goodness-of-fit criteria 

 Weibull Gamma Lognormal 

AIC 1322.359 1321.395 1347.191 
 

 

For forecasting the future COVID-19 death, the daily death of India has been 

collected from March-10 to May-21. The time series data is analysed using the 

ARIMA model. Here Auto-ARIMA which builds high-performance models with least 

AIC value. Here ARIMA (0,1,1) with AIC value 577.45 is obtained. The model is 

then evaluated by residual analysis. Figure 60 represents the time series plot of 

COVID-19 deaths in India. 

The fitted model of ARIMA (0,1,1) is given as: 

                                                    Zt =Z t-1+ at+0.0934 at-1                                                 
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Figure 60: Time series plot of COVID-19 Deaths in India. 

Checking for Stationarity  

H0: The data is not stationary 

H1: The data is stationary 

Stationarity is checked using Augmented Dickey Fuller Test. The null hypothesis that 

data is not stationary is tested against alternative hypothesis that the data is stationary. 

The level of significance (LOF) is taken as 0.05. If p value exceeds LOF, accept the 

null hypothesis and if the p value lies within the LOF, else reject the null hypothesis 

that the data is not stationary. If data is not found to be stationary differencing is used 

to make the mean of the time series which will make the time series data stationary by 

eliminating trend and seasonality. If single differencing does not attain stationarity, it 

was repeated until the data becomes stationary 
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Augmented Dickey-Fuller Test 

Dickey-Fuller = -3.5828, Lag order = 4, p-value = 0.03791 

Here, p-value>0.05. So, accept the null hypothesis that the data is not stationary. To 

resolve this difficulty, the method of differencing is used. 

Again, checking the stationary of this data using ADF test 

 Augmented Dickey-Fuller Test 

Dickey-Fuller = -7.8113, Lag order = 4, p-value = 0.01 

Here p-value<0.05. So, reject the null hypothesis. Thus, the data is Stationary. 

Next, plot ACF and PACF to find the correlation (Figure 61). 

 ACF and PACF Plot 

 

Figure 61:  ACF and PACF plot of COVID-19 Deaths in India. 
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 Model estimation using auto. ARIMA 

 Model estimation using auto arima gives ARIMA (0,1,1) with p =1, d =1 and q =0 

with least AIC value of 1480.55  

 sigma^2 estimated as 27285:  log likelihood=-737.27 

AIC=1480.55   AIC=1480.77   BIC=1488.73 

Checking the model adequacy 

a) Stationarity 

Here, ADF test is used. 

 H0 : The residuals are not stationary 

H1 : The residuals are stationary       

Augmented Dickey-Fuller Test 

Dickey-Fuller = -4.613, Lag order = 4, p-value = 0.01 

 Here p-value<0.05. So, residuals are stationary. 

b)    Checking the Lack of Fit Using Box-Ljung Test 

To check the adequacy of the model, if a „good‟ model, then its expected the residuals 

to be „random‟ and „close to zero‟ and mode validation is carried out by ACF plots. 

Clearly shows that there is no significant correlation between the residuals as all the 

points lie within the boundary lines.  
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The Ljung Box test examines the autocorrelation of residuals and if the 

autocorrelation is very small it is clear that the model adequately fit the data 

H0 : The data does not show lack of fit. 

H1 : The data show lack of fit 

Box- Ljung Test 

X-squared = 0.00059859, df = 1, p-value = 0.9805 

Here p-value>0.05. So, we accept H0 . i.e., residuals are uncorrelated. Plot ACF and 

PACF to find the correlation is presented in Figure 62. 

 

Figure 62: Plot for ACF and PACF of Residuals                     

To forecast the future mortality of COVID-19 use of ARIMA (0,1,1) model and 

values are interpreted in Table 29 and the forecasted plot is given as in Figure 63 

indicating an increasing pattern of future demise. 
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Table 29: Forecasted values of COVID-19 deaths for consecutive weekends of 

three months (May 22-Aug 27) 

 

Date 

 

Forecast 

80% Confidence Interval 95% Confidence Interval 

Lower Limit Upper Limit Lower Limit Upper Limit 

July 4 463.3284 251.6410 675.0158 139.5804 787.0763 

July 11 493.9833 275.4929 712.4737 159.8310 828.1355 

July 18 524.6382 299.5503 749.7261 180.3959 868.8804 

July 25 555.2931 323.7956 786.7905 201.2482 909.3379 

Aug 1 585.9479 348.2137 823.6822 222.3647 949.5312 

Aug 8 616.6028 372.7912 860.4144 243.7252 989.4805 

Aug 15 647.2577 397.5167 896.9988 265.3117 1029.2037 

Aug 22 677.9126 422.3796 933.4456 287.1086 1068.7166 

Aug 29 708.5675 447.3710 969.7640 309.1019 1108.0331 

Sept 5 739.2224 472.4826 1005.9622 331.2791 1147.1657 

Sept 12 769.8773 497.7071 1042.0475 353.6288 1186.1257 

Sept 19 800.5322 523.0378 1078.0266 376.1411 1224.9232 

Sept 26 831.1871 548.4687 1113.9054 398.8067 1263.5674 

Oct 3 861.8420 573.9945 1149.6894 421.6173 1302.0667 

Oct 10 892.4968 599.6101 1185.3836 444.5652 1340.4285 
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Figure 63: Forecast plot of COVID-19 mortality of India 

3.2.3. Compartmental Models 

Table 30: COVID-19 Cured, Deaths and Confirmed cases and active cases in 

south Indian states of India, as of May 19, 2021 

States Cured Deaths Confirmed Active Cases (%) 

Andaman and 

Nicobar Islands 
6359 92 6674 223 (3.34 ) 

Andhra Pradesh 1254291 9580 1475372 211501 (14.34 ) 

Karnataka 1674487 22838 2272374 575049 (25.31 ) 

Kerala 1846105 6612 2200706 347989 (15.81 ) 

Lakshadweep 3915 15 5212 1282 (24.6 ) 

Puducherry 69060 1212 87749 17477 (19.92 ) 

Tamil Nadu 1403052 18369 1664350 242929 (14.6 ) 

Telangana 485644 3012 536766 48110 (8.96 ) 
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Table 30 reveals that Karnataka and Lakshadweep exhibit a relatively higher 

percentage of active COVID-19 cases, both accounting for 25% of the total reported 

cases in the respective regions. Following closely is Puducherry, where active cases 

constitute 19.92% of the total, and Kerala, Andhra Pradesh, and Tamil Nadu with 

15% each. 

Table 31: Case Fatality Rate in south Indian states of India, as of May 19, 2021 

State Phase Days Minimum Maximum Mean 
Std. 

Deviation 

Andaman and 

Nicobar Islands 

Phase1 183 0.508 4.313 1.568 0.578 

Resting 

phase 
57 1.231 1.244 1.237 0.004 

Phase2 51 1.162 1.426 1.229 0.058 

Andhra Pradesh 

Phase1 178 0.813 2.879 1.493 0.721 

Resting 

phase 
112 0.806 0.813 0.808 0.002 

Phase2 58 0.758 0.818 0.803 0.014 

Karnataka 

Phase1 307 1.310 37.500 4.228 5.364 

Resting 

phase 
33 1.304 1.310 1.306 0.002 

Phase2 76 1.292 1.394 1.320 0.031 

Kerala 

Phase1 406 0.000 8.000 0.715 0.897 

Resting 

phase 
13 0.414 0.419 0.416 0.002 

Phase2 52 0.357 0.432 0.414 0.020 

Lakshadweep Phase1 30 0.163 0.408 0.272 0.078 
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Resting 

phase 
18 0.134 0.160 0.143 0.007 

Phase2 35 0.075 0.394 0.238 0.114 

Puducherry 

Phase1 165 1.685 6.034 2.596 0.944 

Resting 

phase 
112 1.664 1.691 1.676 0.007 

Phase2 65 1.616 1.730 1.668 0.028 

Tamil Nadu 

Phase1 265 0.000 50.000 3.713 7.174 

Resting 

phase 
111 1.467 1.525 1.490 0.015 

Phase2 63 1.263 1.467 1.393 0.076 

Telangana 

Phase1 259 0.000 87.500 4.779 11.515 

Resting 

phase 
97 0.547 0.578 0.553 0.007 

Phase2 68 0.549 0.634 0.568 0.021 
 

Table 31 categorizes the duration of COVID-19 disease in various states, delineating 

the information into three distinct phases. Notably, each phase reflects a discernible 

variance in the average Case Fatality Rate (CFR). Across the majority of states, the 

average CFR remains below two. Nevertheless, a noteworthy observation is the 

alteration in the average CFR during phase one across almost all states. Subsequently, 

the resting phase and phase two exhibit a CFR consistently below 2, indicating a 

distinct pattern in the progression of the disease across different phases in the 

respective states. 
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Table 32: Parameter values of Regression Models for COVID-19 in states of 

South India, as of May 19, 2021 

State Phase Model Summary Parameter Estimates 

     F df1 df2 Sig. Constant b1 b2 

Andaman and 

Nicobar 

Islands 

Phase 1 0.787 345.6 2 187 <0.001 0.1 -0.001 
2.688E-

06 

Phase 2 0.939 370.8 2 48 <0.001 -7746.9 35.594 -0.040 

Andhra 

Pradesh 

Phase 1 0.777 304.4 2 175 <0.001 -321699.4 4476.447 -12.535 

Phase 2 0.976 1121.9 2 55 <0.001 10397781.1 -55346.070 73.627 

Karnataka 

Phase 1 0.968 4906.6 2 324 <0.001 1.5 0.095 0.000 

Phase 2 0.975 1404.1 2 73 <0.001 27591727.5 -146626.706 194.737 

Kerala 

Phase 1 0.670 409.9 2 403 <0.001 -19787.8 293.836 -0.156 

Phase 2 0.927 311.6 2 49 <0.001 12011107.7 -62708.623 80.921 

Lakshadweep 

Phase 1 0.677 68.0 2 65 <0.001 -124.0 4.364 -0.016 

Phase 2 0.837 81.9 2 32 <0.001 -49073.5 677.552 -2.280 

Puducherry 

Phase 1 0.553 153.6 2 248 <0.001 -1320.1 33.095 -0.053 

Phase 2 0.996 7233.4 2 62 <0.001 750201.6 -4059.235 5.493 

Tamil Nadu 

Phase 1 0.745 382.9 2 262 <0.001 -24086.2 804.052 -2.379 

Phase 2 0.984 1852.4 2 60 <0.001 7462955.9 -39728.715 52.911 

Telangana 

Phase 1 0.747 378.8 2 256 <0.001 -6647.8 165.609 -0.124 

Phase 2 0.969 1010.9 2 65 <0.001 4814860.7 -25517.422 33.789 
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The Quadratic Regression Models applied to analyze the impact of COVID-19 across 

various states in India demonstrate the explanatory efficacy of these models, ranging 

from 55% during phase 1 to an impressive 99% during phase two in Puducherry. The 

comprehensive timeline of the COVID-19 pandemic has been systematically divided 

into three distinct phases, each characterized by fitting quadratic regression models. 

During the initial phase, Karnataka emerges as the state with the most optimal fit, 

closely followed by Andaman and Nicobar Islands.  

In the second phase, Puducherry exhibits the best-fitted regression model, with Tamil 

Nadu and Andaman and Nicobar Islands trailing behind. Notably, all states exhibit a 

linear trend with a subtle slope toward the x-axis during the resting phase, 

emphasizing the consistency of this pattern across the regions. Additionally, the R-

square values exceeding 90% in all states underscore the robustness of the quadratic 

regression models in capturing the underlying trends during the resting phase            

(Table 32). 
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Statistical Model for COVID-19 in Different Waves of South Indian States 

 

Figure 64: CFR of COVID-19 in Andaman and Nicobar Islands 

 

 

Figure 65: Active cases of COVID-19 in Andaman and Nicobar Islands 
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Figure 66: New cases of COVID-19 in Andaman and Nicobar Islands 

 

 

Figure 67: CFR of COVID-19 in Andhra Pradesh 
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Figure 68: Active cases of COVID-19 in Andhra Pradesh 

 

 

Figure 69: New cases of COVID-19 in Andhra Pradesh 
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Figure 70: CFR of COVID-19 in Karnataka 

 

 

Figure 71: Active cases of COVID-19 in Karnataka 
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Figure 72: New cases of COVID-19 in Karnataka 

 

 

Figure 73: CFR of COVID-19 in Kerala 
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Figure 74: Active cases of COVID-19 in Kerala 

 

 

Figure 75: New cases of COVID-19 in Kerala 
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Figure 76: CFR of COVID-19 in Lakshadweep 

 

 

Figure 77: Active cases of COVID-19 in Lakshadweep 

 

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

75 85 95 105 115 125 135 145 155 165

C
F

R
 (

%
) 

Number of days 

Case Fatality Rate of COVID 19 in Lakshadweep 

CFR In Phase1 CFR in Resting phase CFR in Phase2

0

200

400

600

800

1000

1200

1400

1600

4
0

4
4

4
8

5
2

5
6

6
0

6
4

6
8

7
2

7
6

8
0

8
4

8
8

9
2

9
6

1
0
0

1
0
4

1
0
8

1
1
2

1
1
6

1
2
0

1
2
4

1
2
8

1
3
2

1
3
6

1
4
0

1
4
4

1
4
8

1
5
2

1
5
6

1
6
0

A
ct

iv
e 

C
a

se
s 

(C
o

u
n

t)
  

Number of Days 

Active Cases of COVID 19 in Lakshadweep 

Active Cases In Phase1 Active Cases in Resting phase Active Cases in Phase2



Results 

 Page 207 

  

 

Figure 78: New cases of COVID-19 in Lakshadweep 

 

 

Figure 79: CFR of COVID-19 in Puducherry 
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Figure 80: Active cases of COVID-19 in Puducherry 

 

 

Figure 81: New cases of COVID-19 in Puducherry 
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Figure 82: CFR of COVID-19 in Tamil Nadu 

 

 

Figure 83: Active cases of COVID-19 in Tamil Nadu 
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Figure 84: New cases of COVID-19 in Tamil Nadu 

 

 

Figure 85: CFR of COVID-19 in Telangana 
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Figure 86: Active Cases of COVID-19 in Telangana 

 

 

Figure 87: New Cases of COVID-19 in Telangana 
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In the early phase, the case fatality rate (CFR) in South Indian states and union 

territories showed fluctuations before stabilizing between 0.5 to 2. Notable 

stabilization points included the 160th and 180th days in Andaman and Nicobar 

Islands and Andhra Pradesh (Figure 64, 67), respectively. Karnataka and Kerala 

stabilized within 70 to 100 days (Figure 70, 73), while Lakshadweep had a less 

pronounced shift toward a linear pattern (Figure 76). During the first and resting 

phases, Lakshadweep exhibited a decreasing trend below 0.1, followed by an increase 

up to 0.4. Puducherry's CFR stabilized around 1.8 by the end of the first phase, 

persisting through subsequent phases (Figure 79). Tamil Nadu saw a drastic CFR 

increase in Phase 1, stabilizing by the 66
th

 day (Figure 82). Telangana showed a trend 

similar to Karnataka and Kerala, stabilizing by the 75
th

 day with minor fluctuations 

(Figure 85).  

New and active COVID-19 cases showed similar trends across South Indian states. In 

Andaman and Nicobar Islands, a notable surge around the 110
th

 day peaked at 

approximately 1180 active cases and 150 new cases by the 150
th

 day, followed by a 

gradual decline (Figure 65, 66). Phase two, starting around the 309th day, didn't reach 

the previous peak. 

In Andhra Pradesh, the second phase's peak (around 0.22 million active cases and 25 

thousand new cases) doubled that of the first (around 0.1 million active cases and 12 

thousand new cases). Phase one peaked by the 180
th

 day, transitioning to a resting 

phase by the 265
th

 day, with phase two beginning on the 377
th

 day (Figure 68, 69). 

Karnataka saw a fivefold increase in active and new cases during phase two compared 

to phase one. Phase one surged dramatically after the 100
th

 day, reaching a peak by 

the 250th day, followed by a brief resting period by the 328
th

 day. The surge resumed, 
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reaching its maximum by the 425
th

 day (around 0.6 million active cases and 50 

thousand new cases) (Figure 71, 72). Similarly, the Figure 77 and Figure 78 present 

the active and new cases during phase two compared to phase one for Lakshadweep. 

States like Kerala (Figure 74, 75), Puducherry (Figure 80, 81), Tamil Nadu (Figure 

83, 84), and Telangana (Figure 86, 87) mirrored this fivefold increase. Kerala, 

reporting the first cases in India, had a stable initial quarter, with a trigger around the 

200
th

 day. Puducherry, Tamil Nadu, and Telangana triggered around the 100
th

 day, 

with shorter resting periods. The second phase witnessed a drastic increase, reaching 

4.5 to 5 times the peak in both active and new cases. 

3.2.4. Spatial Epidemiology and Forecasting 

The section described the results of ARIMA modelling, correlation analysis, and 

exploratory analysis. 

ARIMA 

India 

The time series plot displayed an increasing trend for the daily counts of cases in 

India. ACF and PACF were plotted to examine the stationarity of the data. High auto 

correlation was found till lag 10 (Figure 88). The lag 1 partial auto correlation was 

also positive. This indicated the need for a higher order non-seasonal differencing.  
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Figure 88: ACF and PACF plots of daily confirmed COVID-19 cases in India 

ADF test was performed to confirm the non-stationarity of the data. Table 32 gives 

the results of ADF test. A non-significant p value = 0.99 at 95% CI was obtained. 

Table 33: Augmented Dickey-Fuller Test Results for Daily Confirmed Cases in 

India 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in India 

Lag Order 4 

p-value 0.99 

Alternative Hypothesis: stationary 

 

The data was differenced for d=1.  
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Figure 89:  ACF and PACF plots of the differenced data 

The time series plot showed no trend (Figure 89). The lag1 auto correlation was 

positive. The data seemed to be stationary. ADF test was again performed to conclude 

the result.  

Table 34: Augmented Dickey-Fuller Test Results for Differenced Daily 

Confirmed Cases in India 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in India 

Lag Order 4 

p-value 0.01 

Alternative Hypothesis: stationary 
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A significant p value at 95% CI was obtained. Data was confirmed to be stationary 

(Table 34). However, a pattern was found in the ACF of differenced data. Different 

number of AR and MA terms were added to remove the auto correlation pattern. The 

model ARIMA (9,1,9) with lowest AIC value of 1838.1 was selected to be the best 

model.  The following table 35 gives the list of competed models and their AIC 

values.  

Table 35: AIC values of competed models 

Model AIC 

ARIMA (9,1,7) 1843.57 

ARIMA (9,1,9) 1838.1 

ARIMA (9,1,8) 1841.47 
 

ARIMA (9,1,9) was fitted for the data of daily counts of confirmed COVID-19 cases 

in India. Residuals were plotted and their ACF and PACF drawn (Figure 90). Box-

Ljung test for independence was performed to examine the independence of residuals 

(Table 36). The test resulted in a non-significant p value=0.6681 at 95% CI. The 

residuals were confirmed to be white noise. The following table and figure gives the 

test results and residual plots (Figure 90). 

Table 36: Box-Ljung Test for Residuals from ARIMA (9,1,9) in India 

Box-Ljung test 

Data: Residuals from ARIMA 

(9,1,9) 

X-squared 0.18382 

Df 1 

p value 0.6681 
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Figure 90: Residual plots of ARIMA (9,1,9) for the data of daily confirmed cases 

in India. 

The fitted model equation is; 

   (     )                                                         

                                                                    

          +                                                       

                                   

Interval (95% PI) as well as point forecasts were made for India. Figure 91 gives the 

plot of 15-day forecast in India. Figure 91,92, and 99 gives the point and interval 

forecast results in India, The USA and Italy respectively. 
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Figure 91: A 15-day forecast for daily confirmed cases in India 

The USA 

A linear trend was examined for the time series plot of the USA. ACF and PACF 

plots (Figure 92) showed significant auto correlation even beyond lag 16.  

 

Figure 92: Time series, ACF and PACF plots of daily confirmed COVID-19 cases 

in The USA 
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To confirm the findings, ADF test was performed. The test showed non stationarity in 

the data with non-significant p value of 0.9588 with 95% confidence (Table 37). 

Thus, data proved to be non-stationary. 

As a next step, the data was differenced for d=1 to stabilise the mean of daily 

confirmed COVID-19 cases in The USA. The trends in data were eliminated after first 

order differencing. The following Figure 93 gives the time series plot, ACF, PACF 

plots of the differenced data. 

Table 37: ADF test results for the USA 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in The USA 

Dickey-Fuller -0.80491 

Lag order 4 

p-value 0.9588 

Alternative Hypothesis: stationary 
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Figure 93: The Time Series plot, ACF and PACF plots of first order differenced 

data of daily number of confirmed cases in The USA. 

The time series plot was observed to be stationary. The lag 1 auto correlation was 

low. However, there were significant spikes in the auto correlation and partial auto 

correlation plots. The stationarity of the data was confirmed with ACF test. Test gave 

a significant p value = 0.01 with 95% confidence thereby indicating stationarity 

(Table 38).  
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Table 38: ADF test for Differenced Daily Counts of Confirmed Cases in The 

USA 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in The USA 

Dickey-Fuller -6.7108 

Lag order 4 

p-value 0.01 

Alternative Hypothesis: stationary 
 

Several ARIMA models were developed and the model with the lowest AIC value 

was adopted as the best model. The following table gives the AIC values of the 

competed models. ARIMA (7,1,2) was chosen to be the best model with AIC value 

2426.72 (Table 39). 

Table 39: Comparison of ARIMA Models for USA Data Using AIC Values 

Model (USA) AIC 

ARIMA (4,1,3) 2428.6 

ARIMA (7,1,2) 2426.72 

ARIMA (6,1,5) 2431.54 

ARIMA (2,1,2) 1392.9 

ARIMA (6,1,2) 1375.1 

ARIMA (7,1,2) 1375.9 
 

ARIMA (7,1,2) was fitted and residuals were diagnosed for white noise. The 

following figure gives residual plots of the fitted model (Figure 94). 
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Figure 94: Residual plots of ARIMA (7,1,2) fitted for daily confirmed cases in 

The USA 

Table 40: Box-Ljung Test for Residuals of ARIMA (7,1,2) Model 

Box-Ljung test 

Data: Residuals from ARIMA (7,1,2) 

X-squared 0.037855 

df=1 1 

P value 0.8457 
 

Box-Ljung test for the independence of residuals gave a p value 0.8457. The residuals 

were white noise (Table 40).  
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The fitted model is; 

   (   )   +                         - 0.2995       + 0.2667     -

           +            +            -          -          +   

Forecasts for 15 days were made. It showed a decrease in the daily number of 

confirmed cases for The USA. 

 

Figure 95: 15 days’ forecasts for daily confirmed cases in The USA 

Figure 95 gives the point and interval forecasts of daily counts of confirmed COVID-

19 case in The USA for 15 days. 

Italy 

Time series of daily number of confirmed COVID-19 cases in Italy was plotted. The 

data was non-stationary. ACF and PACF plots showed significant spikes even beyond 

lag 10 (Figure 96). ADF test was performed to examine the stationarity of data.  
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Figure 96: Time plots, ACF and PACF plots of daily confirmed cases in Italy 

A non-significant p value suggested non-stationarity behaviour in the data. First order 

differencing was performed to eliminate any trend in the data (Table 41). Following 

figure 97 gives the plots done on differenced data. 

Table 41: ADF test results for Italy 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in Italy 

Dickey-Fuller -3.3143 

Lag order 4 

p-value 0.07205 

Alternative Hypothesis: stationary 
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Figure 97: Time Plots, ACF and PACF plots of first order differenced data for 

confirmed COVID-19 cases in Italy. 

ADF test was again performed. A significant p value = 0.01 was obtained. The 

alternative hypothesis that, data is stationary was thus accepted (Table 42). 

Table 42: ADF Test for Stationarity of Daily Confirmed Cases in Italy 

Augmented Dickey-Fuller test 

Data: Daily counts of Confirmed Cases in Italy 

Dickey-Fuller -5.7962 

Lag order 4 

p-value 0.01 

Alternative Hypothesis: stationary 
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 The lag 1 ACF showed a significant spike; indicating addition of more number of AR 

and MA terms. Several ARIMA models were developed to eliminate the pattern in 

ACF. The model with least AIC value was selected to be the best model. ARIMA 

(5,1,7) was the best model with least AIC value equals 1837.26. Table 43). 

The competed models are given below; 

Table 43: AIC Values for Competing ARIMA Models in Italy 

Model (Italy) AIC 

ARIMA (4,1,7) 1846.46 

ARIMA (5,1,7) 1837.26 

ARIMA (5,1,8) 1841.23 

ARIMA (6,1,7) 1839.26 

ARIMA (7,1,4) 1844.01 

ARIMA (8,1,3) 1847.31 
 

Thus ARIMA (5,1,7) was fitted. In order to check if the fitted model was adequate, 

residuals were diagnosed for white noise. Residuals were plotted and Box-Ljung test 

was performed to examine the independence of residuals. 
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Figure 98: Residual plots of ARIMA (4,1,4) fitted for daily confirmed COVID-19 

cases in Italy 

Table 44: Box-Ljung Test for ARIMA (5,1,7) Residuals 

Box-Ljung test 

Data: Residuals from ARIMA (5,1,7) 

X-squared 0.018447 

df=1 1 

P value 0.892 
 

ACF and PACF plots did not show any significant spikes at any of the lag (Figure 

98). Box-Ljung test resulted a non-significant p value concluding independence in 

residuals (Table 44).  
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 Thus, model was proved to be adequate. The fitted model equation is; 

   (     )   +           -            +            - 0.4079      + 

0.2441      -          + 0.3522                + 0.5738     -           

                     +   

Point as well as interval (95% PI) forecasts of daily confirmed cases in Italy were 

made for 15 days. Table 45 and 46 present forecast results for COVID-19 cases with 

95% prediction intervals across India, the USA, and Italy on various dates from July 

5, 2020, to July 20, 2020. The lower and upper bounds of the prediction intervals are 

provided for each country, indicating the range of potential values. Table 47 provides 

point forecasts for the same set of dates, indicating the expected number of COVID-

19 cases for India, the USA, and Italy.  The following figure gives the pictorial 

representation of 15-day forecast (Figure 99). 
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Table 45: First 10 Days' Prediction Intervals (95% CI) for COVID-19 Cases 

Date 

95% PREDICTION INTERVAL 

India 

[Lower, Upper] 

USA 

[Lower, Upper] 

Italy 

[Lower, Upper] 

05 July 2020 (22816.44, 24083.91) (44400.70 , 58586.21) (-523.71 , 805.77) 

06 July 2020 (21655.30 ,23484.02) (44036.44 , 58893.57) (-840.24 , 778.55) 

07 July 2020 (20466.59 , 22749.08) (45136.60 , 60709.53) (-1029.16 , 841.27) 

08 July 2020 (20634.92 , 23192.12) (48624.56 , 64411.45) (-1128.68 , 862.46) 

09 July 2020 (21615.63 , 24412.58) (51264.20 , 68874.05) (-1275.97 , 860.57) 

10 July 2020 23085.57 , 26070.60) (51968.17 , 71724.81) (-1342.67 , 1048.70) 

 

Table 46: Second 10 Days' Prediction Intervals (95% CI) for COVID-19 Cases 

11 July 2020 (24278.55 , 27813.22) (50297.78 , 72927.20) (-1446.68 , 1236.90) 

12 July 2020 (24111.52 , 28380.70) (47293.56 , 73176.07) (-1774.99 , 1525.49) 

14 July 2020 (23548.35 , 28345.53) (45585.62 , 74077.82) (-2024.82 , 1801.44) 

15 July 2020 (22651.02 , 27824.69) (45861.48 , 76259.71) (-2224.79 , 1942.27) 

16 July 2020 (22359.02 , 27885.75) (47586.79 , 79567.17) (-2405.92 , 2096.13) 

17 July 2020 (23195.23 , 28982.92) (48861.70 , 82919.44) (-2508.58 , 2251.71) 

18 July 2020 (24585.54 , 30695.94) (48570.43 , 85312.18) (-265047 , 2382.42) 

19 July 2020 (25573.27 , 32195.15) (46658.96 , 86493.72) (-2805.37 , 2546.92) 

20 July 2020 (25821.72 , 32991.38) (44278.89 , 87095.68) (-2935.20 , 2685.14) 
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Table 47: Point Forecasts for COVID-19 Cases in India, the USA, and Italy 

Date 

Point forecast 

India USA Italy 

05 July 2020 23450.17 51493.45 141.03 

06 July 2020 22569.66 51465.00 -30.84 

07 July 2020 21607.84 52923.06 -93.95 

08 July 2020 21913.52 56518.00 -133.11 

09 July 2020 23014.10 60069.12 -207.70 

10 July 2020 24578.10 61846.49 -146.98 

11 July 2020 26045.89 61612.49 -104.89 

12 July 2020 26246.11 60234.81 -124.74 

14 July 2020 25946.94 59831.72 -111.69 

15 July 2020 25237.86 61060.60 -141.26 

16 July 2020 25122.38 63576.98 -154.89 

17 July 2020 26089.07 65890.57 -128.43 

18 July 2020 27640.74 66941.30 -134.03 

19 July 2020 28884.21 66576.34 -129.22 

20 July 2020 29406.55 65687.29 -125.03 

 

 



Results 

 Page 231 

  

 Deaths, new cases and daily testing. 

The following table gives the daily counts of death. Maximum deaths occurred on a 

day is 2612 in The USA. India has the minimum number of deaths on a single day. 

The average number of daily deaths per day is over a thousand for the USA              

(Table 48). 

Table 48: Daily COVID-19 Death Statistics by Country 

Country 

Daily counts of deaths 

Min 
1st 

Quartile 

Media

n 
Mean 

3rd 

quartile 
Max 

India 0 2 28 35.02 51 194 

USA 0 9 1134 1033 1985 2612 

Italy 0 171 420 386.8 601.5 919 
 

 

Figure 100: Daily counts of deaths in India, The USA and Italy. 
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Observing Figure of daily counts of deaths, The USA has a large number of daily 

deaths. India has the least. The USA leads in the maximum number of new cases 

reported in a single day. India has a maximum of 22771 cases (Figure 100).  

Table 49 presents descriptive statistics of daily confirmed COVID-19 cases for India, 

the USA, and Italy. For India, the daily counts range from a minimum of 0 to a 

maximum of 22,771, with a median of 2,553 and a mean of 5,186. In the USA, the 

daily counts vary from 3 to 54,442, showcasing a median of 23,501 and a mean of 

22,177. Italy, with daily counts ranging from 0 to 6,557, has a median of 1,079 and a 

mean of 1,907.  

Table 49: Daily COVID-19 Confirmed Case Statistics by Country 

Country 

Daily counts of confirmed cases 

Min 1st Quartile Median Mean 3rd quartile Max 

India 0 336 2553 5186 8909 22771 

USA 3 18702 23501 22177 28386 54442 

Italy 0 346 1079 1907 3316 6557 
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Figure 101: Daily case fatality rate of the three countries 

The daily cases fatality rates for India was the lowest with mean 0.036 ± 0.04. Largest 

was for Italy with a mean of 0.126 ± 0.06. The mean case fatality rate for USA was 

0.05 ± 0.02. At the beginning of the outbreak, India had a high CFR in the 3
rd

 week of 

March (Figure 101). Total confirmed deaths for each country is given in Figure 102. 
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Figure 102: Total Confirmed COVID-19 deaths in India, The USA and Italy. 

The figure shows 102 how rapidly deaths have increased for each country. The figure 

102 shows how rapidly deaths have increased for each country. In India, increase in 

death count is not as fast as Italy and The USA. 

The USA has the most number of PCR tests performed daily. Italy has the least. But 

accounting for their different population sizes, daily number of PCR tests conducted 

per 1000 people is given in Figure 103. 
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Figure 103: Daily number of COVID-19 tests performed per 1000 people 

(adjusted for population size). 

Adjusted for population sizes, The USA and Italy have almost the same number of 

tests conducted per day. On 25 April 2020 Italy has 1.6 tests per 1000 people. On the 

same day, the USA has 0.6 tests per 1000 people. India is far away from the scene. 
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3.3 Making Decisions 

3.3.1. Pollution Controllability  

Table 50: Air quality ranges for AQIs. 

AQI 

(CPCB 2015) 
ORNAQI AQIWei Av 

0-50 

Good 

0 ≥ AQI ≤ 25 

Clean 

≥ AQI ≤ 0.5 

Acceptable 

51-100 

Satisfactory 

26 ≥ AQI ≤ 50 

Light 

0.51 ≥ AQI ≤ 1.0 

Unacceptable 

101-200 

Moderately Polluted 

51 ≥ AQI ≤ 75 

Moderate 

≥ AQI ≤ 2.0 

Alert 

201-300 

Poor 

76 ≥ AQI ≤ 100 

Heavy 

AQI ≥ 2.01 

Significantly Harmful 

301-400 

Very Poor 

≥ 101 

Severe 
 

>401 

Severe 
  

 

Table 50 outlines the Air Quality Index (AQI) ranges based on the Central Pollution 

Control Board's (CPCB) 2015 classification, the Outdoor Recreational Ambient Air 

Quality Index (ORNAQI), and the weighted average AQI (AQIWei Av).  

Data obtained from CPCB is used to calculate average concentrations of ambient air 

pollutants PM10, PM2.5, SO2 and NO2 and the corresponding air pollution index. 

Different AQIs were estimated for periods before lockdown and during the lockdown 

and varying results were observed ranging from alert to good for the selected cities. 

This was due to the significant effect of lockdown in shrinking the levels of ambient 

air pollutants.  
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Variation in the concentration of individual air pollutants (PM10, PM2.5, SO2 and NO2) 

and air quality indices for pre and during lockdown periods are given in Table 51. The 

graphical representation of the table is given from Figure 104 to Figure 108 for the 

selected cities. The concentrations of pollutants got drastically reduced in all the cities 

during the shutdown period. These simultaneous variations in the concentration are 

depicting a lower pollution level in the selected areas. The combustion of fossil fuels 

in transport and industries are the major sources of these chemical pollutants. Thus, 

lockdown and related shutdown of industrial and transportation activities make the 

ambient air fresher and cleaner. 

Table 51: Variation in the concentrations of pollutants and AQI. 

City 
Time 

Period 

Pollutants AQI 

PM10 PM2.5 NO2 SO2 
AQImea

n 
AQIgm 

ORNA

QI 

AQIW

eiAv 

 

Ghaziabad 

BL 196.10 108.48 53.78 17.94 115.43 82.22 174.45 1.390 

DL 101.82 41.26 20.49 17.54 52.94 43.29 82.07 0.634 

 

Delhi 

BL 178.80 107.70 41.45 15.90 99.08 56.72 130.52 1.279 

DL 124.82 49.57 27.74 13.81 60.30 40.23 80.85 0.763 

 

Kolkata 

BL 
181.20

1 
96.17 36.50 09.07 177.73 60.61 130.88 1.238 

DL 59.36 25.38 06.12 04.56 45.39 17.39 39.49 0.375 

 

Hyderabad 

BL 99.33 44.05 27.91 09.52 54.88 40.55 73.87 0.648 

DL 62.04 28.68 16.92 08.41 35.40 27.72 48.38 0.417 

 

Cochin 

BL 102.98 16.51 22.15 08.74 42.28 26.91 57.29 0.575 

DL 58.01 09.82 06.16 05.53 22.25 14.64 30.88 0.307 

Note: DL- During Lockdown, BL- Before Lockdown 
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The variations in air quality indices calculated by four different methods for all the 

five cities due to the lockdown in India are shown in Table and Figures. It was noted 

that the higher value of an index refers to the greater level of air pollution and 

consequently greater health issues. From Table 51, it is clear that the concentrations 

of gaseous air pollutants have diminished due to the restrictions on human and 

industrial activities. Therefore, air quality indices also diminished correspondingly. 

By comparing AQIs calculated based on four methods with predefined quality ranges 

provide substantial evidence for this improvement in the quality of air. When 

pollution rates are considered, before the lockdown begins, Ghaziabad and Kolkata 

were the most polluted cities in the list. But when the lockdown begins, both the cities 

make sudden changes in the air quality compared to other cities. Among five of the 

selected cities, Cochin remains the least polluted in both the periods. It was concluded 

that the ambient air quality of Indian cities is improved with acceptable levels of 

deviations in the index values.  

 

Figure 104: Variation of air quality indices at Ghaziabad 
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Figure 105: Variation of air quality indices at Delhi 

 

Figure 106: Variation of air quality indices at Kolkata. 

 

Figure 107: Variation of air quality indices at Hyderabad 
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Figure 108: Variation of air quality indices at Cochin. 

The Paired t-test is used to test the significant difference between two time periods 

(pre and during lockdown). Here the null hypothesis, the true mean difference 

between the paired samples is zero, is tested against the alternative hypothesis that the 

true mean difference of the paired samples is not equal to zero. Table records the 

significant difference in the mean concentrations of ambient air pollutants PM10, 

PM2.5, SO2 and NO2 at these cities during the comparative period.  

The difference in the mean values of all parameters in respect of two time periods 

(before and after lockdown) is statistically significant (p > 0.05) except the difference 

in the concentration of SO2 at Ghaziabad. It was said that there is a significant 

difference between the mean concentration of pollutants before and during the 

lockdown (Table 52). 
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Table 52: Mean difference and its significance using t test 

 

 

City 

Pollutants 

PM10 PM2.5 NO2 SO2 

MD 95% CI p MD 
95% 

CI 
p 

M

D 

95% 

CI 
p MD 

95% 

CI 
p 

Gh 94.2 
(69.9, 

118.6) 

<0. 

001 

67.

5 

(50.0, 

82.2) 

<0. 

001 

33.

2 

(27.1, 

37.2) 

<0. 

001 
00.3 

(-3.9, 

2.7) 

0.7

39 

Del 48.9 
(24.3, 

73.6) 

0. 

000

1 

51.

0 

(36.7, 

65.3) 

<0. 

001 

15.

8 

(12.3, 

19.4) 

<0. 

001 03.6 
(-2.8, 

0.1) 

0.0

81 

Kol 
121.

6 

(104.1, 

139.1) 

<0. 

001 

70.

7 

(61.1, 

180.4) 

<0. 

001 

30.

3 

(28.1, 

35.6) 

<0. 

001 
4.5 

(3.3, 

5.6) 

<0.

001 

Hyd 37.5 
(29.7, 

45.2) 

<0. 

001 

13.

1 

(9.1, 

17.1) 

<0. 

001 

14.

5 

(8.4, 

13.1) 

<0. 

001 
01.3 

(0.8, 

3.5) 

0.0

233 

Coc 38.2 
(32.3, 

44.2) 

<0. 

001 

06.

7 

(2.1, 

11.3) 

0. 

004 

10.

9 

(7.7, 

14.2) 

<0. 

001 
00.6 

(0.3, 

0.9) 

0.0

003 

Note: MD- Mean Difference, p- Pvalue, Gh- Ghaziabad, Kolkata- Kol, Hyderabad- Hyd, Delhi- Del, 

Cochin Coc 

Correlation coefficients obtained by the Pearson coefficient of correlation for the 

cities during the study periods are shown in Figure 109 to Figure 113. This shows that 

before lockdown, the cities have a positive correlation between the parameters PM10, 

PM2.5, SO2 and NO2 except at Cochin. During the pre-lockdown period Ghaziabad, 

Delhi and Kolkata showed a higher correlation between Particulate Matters 10 and 

2.5. Also, for Ghaziabad and Delhi there exists the least correlation between SO2 and 

PM10 during both the periods. But in Delhi during the lockdown period, the higher 

correlation remains the same but the least correlation is between the pollutants NO2 

and PM10. It should be noted that de deviation in the SO2 levels of Ghaziabad is not 

significant. While in Hyderabad there is a higher correlation between PM10 and SO2 
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and a lower correlation between NO2 and PM2.5 before the lockdown and during 

lockdown there exists a higher correlation between NO2 and SO2 and a lower 

correlation between PM10 and NO2. But in the case of Cochin, the correlation between 

the pollutants are very small and the pollutants NO2 and PM10 show a negative 

correlation at the pre lockdown period. During the lockdown, the negative correlation 

exists between SO2 and PM10. In brief, the strength of the correlation between the 

pollutants is reduced during the lockdown period. 

 

 

Figure 109: Correlation between pollutants before and during the lockdown.  

 

Figure 110: Correlation between pollutants at Ghaziabad before and during the 

lockdown. 
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Figure 111: Correlation between pollutants at Delhi before and during the 

lockdown. 

 

Figure 112: Correlation between pollutants at Kolkata before and during the 

lockdown. 

 

Figure 113: Correlation between pollutants at Hyderabad before and during the 

lockdown. 
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With the effect of lockdown, all the four pollutants PM10, PM2.5, SO2 and NO2 

undergo a decreasing trend in the concentrations at the selected cities (Figure 114 to 

Figure 118). It is shown that average PM10 levels are reduced by 61%, 30%, 68%, 

37%, and 43% at Ghaziabad, Delhi, Kolkata, Hyderabad and Cochin respectively. 

Similarly, in the case of PM2.5, the average concentrations are reduced at a rate of 

61%, 53%, 73%, 34%, and 40% respectively. At Ghaziabad, Delhi, Kolkata, 

Hyderabad and Cochin, NO2 is reduced at 61%, 33%, 83%, 39%, and 72%. The 

decrease in the concentrations of SO2 is very low when compared to other pollutants. 

SO2 undergoes a decline of 2% at Ghaziabad, 13% in Delhi, 49% at Kolkata, 11% at 

Hyderabad and 36% at Cochin. It is estimated that due to the rapid decrease in 

vehicular emissions, industrial and construction shutdowns, concentrations of all the 

pollutants get diminished. 

 

Figure 114: Trend in the variation of pollutant concentration at Ghaziabad. 

 

 



Results 

 Page 245 

  

 

Figure 115: Trend in the variation of pollutant concentration at Delhi. 

 

Figure 116: Trend in the variation of pollutant concentration at Kolkata. 

 

Figure 117: Trend in the variation of pollutant concentration at Hyderabad. 
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Figure 118: Trend in the variation of pollutant concentration at Cochin 

The calendar plots (Figure 119 to Figure 123) are used to represent the concentrations 

of pollutants during the study period in a conventional calendar format i.e. by month 

and day of the week. The calendar heat map visualizes the daily patterns in the 

variation of the pollutants PM10, PM2.5, SO2 and NO2 among the selected cities. The 

plots given in Figure clearly emphasizes that the concentrations of pollutants were at 

the peak during the months January, February and March (before the lockdown 

period). It refers to the higher air pollution experienced by the populations living in 

urban areas due to excessive emission of exhaust fumes from vehicles, power 

generation and manufacturing processes. From March 20 onwards, the pollutants 

represent a progressive decline in their average concentrations. Since air traffic is 

down, factories are closed and fewer vehicles are on the road, the ambient air is 

positively thriving during the lockdown period. 
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Figure 119: Calendar plot for the concentration of pollutants PM10, PM2.5, SO2 

and NO2. 

 

Figure 120: Calendar plot for concentration of pollutants at Ghaziabad. 
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Figure 121: Calendar plot for concentration of pollutants at Delhi. 

 

Figure 122: Calendar plot for concentration of pollutants at Kolkata. 

 

Figure 123: Calendar plot for concentration of pollutants at Hyderabad. 
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Time plot is a technique for visualizing the data with some measure of time is the unit 

taken on the horizontal axis (Figure 124 - Figure 128). Here the graph is generated by 

taking the duration of months January to May 2020. Figure gives the practical 

exhibition of the changes in the concentrations of pollutants PM10, PM2.5, SO2 and 

NO2 over this time for the selected cities. Among all these cities, pollutants were 

showing higher ranges of concentrations during the pre-lockdown period and are 

fluctuated randomly with some extreme measurements or outliers of average 

concentrations. From the end of March, Indian cities are under lockdown as a 

response to COVID-19 pandemic. The pollutants have noticeably reduced and 

approximately remain constant with lower values with fewer fluctuations in 

concentrations. 

 

Figure 124: Time plot for pollutant concentrations at Ghaziabad. 

 

Figure 125: Time plot for pollutant concentrations at Delhi. 
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Figure 126: Time plot for pollutant concentrations at Kolkata. 

 

Figure 127: Time plot for pollutant concentrations at Hyderabad. 

 

Figure 128: Time plot for pollutant concentrations at Cochin. 
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All the orders of p, d and q and chosen a model which have least AIC value. Also, the 

selected model adequately meets all the expectations of residual analysis.  

Dataset consisting of pollutants PM10, PM2.5, SO2 and NO2 into a time series one and 

check for stationary of data separately for each pollutant of selected cities using 

Augmented Dickey Fuller Test. The null hypothesis the data is not stationary is tested 

against alternative hypothesis that the data is stationary. The level of significance 

(LOF) is taken as 0.05. If p value exceeds LOF, accept the null hypothesis and if the p 

value lies within the LOF, reject the null hypothesis that the data is not stationary. The 

respective p values are given in Table 53 for each pollutant of the respective cities. If 

data is not found to be stationary useing differencing to make the mean of the time 

series which will make the time series data stationary by eliminating trend and 

seasonality. If single differencing do not attain stationarity, it was repeated until the 

data becomes stationary.  

Table 53: Results of ADF Test 

 

Cities 

Respective p-values 

PM10 PM2.5 NO2 SO2 

Ghaziabad 0.038 0.320 0.615 0.012 

Delhi 0.123 0.683 0.331 0.045 

Kolkata 0.103 0.043 0.068 0.010 

Hyderabad 0.590 0.010 0.010 0.014 

Cochin 0.069 0.069 0.084 0.029 
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The Kwiatkowski- Philips- Schmidt- Shin (KPSS) test is a type of unit root test which 

determines the stationarity of time series data around a deterministic trend. KPSS test 

is based on Large Multiplier (LM) test with null hypothesis that the random walk has 

a zero variance against the alternative that random walk has a non-zero variance. The 

p < 0.05 was considered as the significance level. Thus, the hypothesis H0 of 

stationarity will be rejected if the observed value is less than 0.05. The respective p 

values of the pollutants of each city is given in Table 54. 

Table 54: Results of KPSS Test 

 

Cities 

Respective p-values 

PM10 PM2.5 NO2 SO2 

Ghaziabad 0.100 0.010 0.032 0.100 

Delhi 0.010 0.010 0.010 0.100 

Kolkata 0.010 0.014 0.010 0.018 

Hyderabad 0.010 0.100 0.060 0.100 

Cochin 0.069 0.069 0.100 0.010 
 

Plot ACF and PACF for each pollutant of these cities to identify the ARIMA model. 

Then was obtained the final model for original data AIC values. The AIC essentially 

chooses a model with the best fit, as measured by the likelihood function, subject to a 

penalty term that increases with the number of parameters fitted in the model. The 

Table 55 shows the selected AIC value of each matrix and helps us to find the best 

values for p and q and corresponding ARIMA models. 

 



Results 

 Page 253 

  

Table 55: AIC values and selected ARIMA Models 

 

Cities 

Pollutants 

PM10 PM2.5 NO2 SO2 

AIC 
Selected 

ARIMA 
AIC 

Selected 

ARIMA 
AIC 

Selected 

ARIMA 
AIC 

Selected 

ARIMA 

Gh 1457.5 (1,1,1) 1438.5 (2,1,1) 1106.7 (2,1,2) 966.7 (2,1,1) 

Del 1541.1 (2,1,2) 962.1 (2,1,1) 957.6 (2,1,2) 755.5 (2,1,1) 

Kol 1464.1 (2,1,2) 1282.4 (0,1,3) 943.7 (3,1,2) 678.3 (1,1,3) 

Hyd 927.3 (2,1,3) 740.9 (1,1,1) 658.8 (3,1,3) 714.6 (1,1,3) 

Coc 937.5 (3,1,3) 937.5 (3,1,3) 267.0 (3,1,3) 541.4 (3,1,3) 

Note: Gh- Ghaziabad, Kolkata- Kol, Hyderabad- Hyd, Delhi- Del, Cochin- Coc 

Next, checking the adequacy of the model. To have a „good‟ model, expect the 

residuals to be „random‟ and „close to zero‟ and mode validation is carried out by 

ACF plots. Clearly shows that there is no significant correlation between the residuals 

as all the points lie within the boundary lines. The Ljung Box test (Table 56) 

examines the autocorrelation of residuals and if the autocorrelation is very small it is 

clear that the model adequately fits the data.  

The normality of errors is confirmed from QQ-plot of residuals and Shapiro-Wilk test 

(Table 57). For both the tests, p < 0.05 was considered as the significance level and 

the null hypothesis are rejected when the observed value lies below the LOF. The 

results are given in table 56. 
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Table 56: Results of Ljung Box test 

Cities 

Respective P-values 

PM10 PM2.5 NO2 SO2 

Gh 0.7597 0.7597 0.8384 0.7997 

Del 0.8272 0.6026 0.9225 0.9122 

Kol 0.5769 0.8722 0.6931 0.9578 

Hyd 0.7207 0.9648 0.7185 0.2169 

Coc 0.902 0.902 0.982 0.8267 

Note: Gh- Ghaziabad, Kolkata- Kol, Hyderabad- Hyd, Delhi- Del, Cochin- Coc 

Table 57: Shapiro-Wilk Normality Test 

Cities 

Respective P-values 

PM10 PM2.5 NO2 SO2 

Gh 0.039 0.039 0.2586 8.377e-06 

Del 0.6031 0.3911 0.2345 0.0126 

Kol 2.181e-09 0.0011 1.595e-06 7.713e-05 

Hyd 0.0306 0.0472 0.0486 6.33e-10 

Coc 2.341e-12 2.341e-12 6.299e-12 1.811e-12 

Note: Gh- Ghaziabad, Kolkata- Kol, Hyderabad- Hyd, Delhi- Del, Cochin- Coc 
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Table 58 shows predicted value of the air pollutants 4 weeks after 12
th

 May 2020. It 

indicates the details clearly that lockdown in India benefited a lot to reduce pollution. 

The AQI values in Table shows the quality of air increased a lot. A significant 

decrease in AQI on comparing to AQI before the lockdown was seen. All cities‟ air 

quality is good according to the quality scale provided by CPCB. Before the 

lockdown, all the cities except Kochi were in satisfactory range. If these major cities 

reduced to good and was assumed that lockdown made India into a good ambient 

condition. 

Table 58:  Forecasted Values of the Pollutants and Corresponding AQI 

Cities Days PM10 PM2.5 NO2 SO2 AQImean 

Ghaziabad 

Week 1 92.169 96.797 56.169 23.347 88.223 

Week 2 84.009 73.300 43.069 19.132 70.982 

Week 3 84.007 73.307 43.069 19.216 71.010 

Week 4 84.008 73.307 43.069 19.244 71.019 

Delhi 

Week 1 264.509 135.737 23.425 23.633 132.997 

Week 2 240.739 97.698 21.594 20.494 109.996 

Week 3 240.323 97.797 21.204 20.446 109.87 

Week 4 240.069 97.797 21.145 20.446 109.799 

Kolkata 

Week 1 38.713 20.863 5.0413 3.0169 20.889 

Week 2 37.588 18.435 4.5062 2.907 19.395 

Week 3 37.587 18.435 4.504 2.907 19.394 
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Week 4 37.587 18.435 4.505 2.907 19.394 

Hyderabad 

Week 1 121.433 25.460 13.777 14.635 49.845 

Week 2 112.192 29.503 15.167 11.841 48.781 

Week 3 112.188 29.516 15.107 11.401 48.629 

Week 4 112.188 29.516 15.130 12.645 49.025 

Cochin 

Week 1 02.129 03.177 19.062 12.496 11.718 

Week 2 03.027 03.557 18.393 13.018 12.054 

Week 3 02.927 03.495 18.393 12.579 11.866 

Week 4 02.897 03.361 18.393 11.877 11.584 

 

From the table 59, the difference between the observed values and the forecasted 

values is seen. The main reason for the high forecast error is the unlocking process in 

India. This is different in between cities according to the condition of COVID-19 

pandemic there. The use of Mean Absolute Error (MAE) and Mean Absolute 

Percentage Error (MAPE) of the forecast errors for the comparison of the values. 

Since the values according to the conditions of the lockdown has been predicted, in 

some cases, the forecasted values are greater than the observed values because the 

values of the pollutants only depend on the unlocking process by each state 

governments. 
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Table 59: Forecast Errors for Predicted Values of Pollutants 

Cities Pollutants Weeks 
Observ

ed vale 

Forecaste

d vale 

Forecast 

error 
MAE MAPE 

Ghaziabad 

 

PM10 

Week 1 45.5 92.169 46.669 

40.470 

 

 

46.3687 

 

Week 2 79.19 84.009 4.819 

Week 3 158.97 84.007 -74.963 

Week 4 119.44 84.008 -35.432 

PM2.5 

Week 1 15.36 96.797 -81.437 

50.445 238.619 
Week 2 26.74 73.3 -46.56 

Week 3 48.25 73.307 -25.057 

Week 4 24.58 73.307 -48.727 

NO2 

Week 1 11.33 56.169 -44.839 

29.706 204.054 
Week 2 14.57 43.069 -28.499 

Week 3 21.34 43.069 -21.729 

Week 4 19.31 43.069 -23.759 

SO2 

Week 1 9.15 23.347 14.197 

9.1647 90.0558 
Week 2 9.25 19.132 9.882 

Week 3 13.69 19.216 5.526 

Week 4 12.19 19.244 7.054 

Delhi 

PM10 

Week 1 57.69 264.509 -206.81 

141.63 
171.625 

 

Week 2 104.62 240.739 -136.11 

Week 3 159.79 240.323 -80.533 

Week 4 97 240.069 -143.06 

PM2.5 

Week 1 29.31 135.737 -106.427 

61.65 

 

177.33 

 

Week 2 47.06 97.698 -50.638 

Week 3 74.17 97.797 -23.627 

Week 4 31.88 97.797 -65.917 

NO2 

Week 1 10.58 23.425 -12.845 

12.162 

 

148.127 

 

Week 2 10.39 21.594 -11.204 

Week 3 12.35 21.204 -8.854 

Week 4 5.4 21.145 -15.745 

SO2 

Week 1 6.61 23.633 -17.023 

11.904 143.049 
Week 2 12.46 20.494 -8.034 

Week 3 8.3 20.446 -12.146 

Week 4 10.03 20.446 -10.416 

Kolkata 

PM10 

Week 1 38.46 38.713 0.253 

7.2322 20.5407 
Week 2 49.88 37.588 12.292 

Week 3 27.45 37.587 10.137 

Week 4 31.34 37.587 6.247 

PM2.5 
Week 1 18.07 20.863 2.793 

6.9795 86.3421 
Week 2 15.19 18.435 3.245 
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Week 3 6.14 18.435 12.295 

Week 4 8.85 18.435 9.585 

NO2 

Week 1 3.06 5.0413 1.9813 

1.2671 30.234 
Week 2 3.7 4.5062 0.8062 

Week 3 6.72 4.504 2.216 

Week 4 4.57 4.505 0.065 

SO2 

Week 1 3.25 3.0169 0.2331 

1.4225 60.5754 
Week 2 2 2.907 0.907 

Week 3 1.21 2.907 1.697 

Week 4 5.76 2.907 2.853 

Hyderabad 

PM10 

Week 1 65.52 121.433 55.913 

39.225 109.016 
Week 2 106.73 112.192 5.462 

Week 3 25.68 112.188 86.508 

Week 4 103.17 112.188 9.018 

PM2.5 

Week 1 20.43 25.46 5.03 

7.4742 66.6392 
Week 2 32.36 29.503 -2.857 

Week 3 8.99 29.516 20.526 

Week 4 31 29.516 -1.484 

NO2 

Week 1 11.16 13.777 -2.617 

2.0442 15.4536 
Week 2 17.86 15.167 2.693 

Week 3 12.28 15.107 -2.827 

Week 4 15.09 15.13 -0.04 

SO2 

Week 1 7.05 14.635 -7.585 

10.1 75.7253 
Week 2 30.11 11.841 18.269 

Week 3 5.91 11.401 -5.491 

Week 4 21.7 12.645 9.055 

Cochin 

PM10 

Week 1 45.12 2.129 42.991 

32.695 89.9912 
Week 2 14.32 3.027 11.293 

Week 3 39.41 2.927 36.483 

Week 4 42.91 2.897 40.013 

PM2.5 

Week 1 15.74 3.177 12.563 

14.395 78.1826 
Week 2 9.57 3.557 6.013 

Week 3 22.56 3.495 19.065 

Week 4 23.3 3.361 19.939 

NO2 

Week 1 22.34 19.062 3.278 

10.545 327.816 
Week 2 27.53 18.393 9.137 

Week 3 5.38 18.393 -13.013 

Week 4 1.64 18.393 -16.753 

SO2 

Week 1 12.02 12.496 -0.476 

6.213 30.5329 
Week 2 20.3 13.018 7.282 

Week 3 20.92 12.579 8.341 

Week 4 20.63 11.877 8.753 
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3.3.2. Optimal allocation of limited resources 

3.3.2.1 Saturation of the health-care systems 

Kerala 

The statistical tool “Time series” is used to fit the model. The time series plot for 

Kerala is given in Figure 129. The ARIMA model used is the one with least AIC 

(Akaike‟s information criteria).  

 

Figure 129: Time series data of active Cases of Kerala 

The growth of active cases in Kerala from 30
th

 January 2020 to 1
st
 September 2020 is 

plotted in figure. Initially the no. of active cases gradually increases, then decreases 

and approaches the x-axis. Later the slope of the curve rises and reaches a peak of 

2122 cases by July 5
th

, then decreases and arrives at a number of 1968 cases during 

the end of the study.  

The Autocorrelation and partial autocorrelation graphs of undifferenced data of 

Kerala are given below (Figure 130). 
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Figure 130: ACF plot of Kerala 

 

Figure 131: PACF plot of Kerala 

Considering the plots of ACF and PACF, and also using the function auto. Arima it 

was observed that the model of Kerala is (2,2,2) (Figure 131). Figure 132 represents 

the Autocorrelation function of residuals of Kerala. The model with least AIC value is 

selected.  

For model (2,2,2) 

Zt=(θ1at-at-θ1-+θ2at-2θ2-4+3Φ2)/Φ2 (6) 

Φ1 =-0.2300, Φ2=-0.5816, θ1=-0.3869, θ2 = 0.4148 
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Figure 132: Autocorrelation function of residuals of Kerala 

Table 60: Box-Ljung test of Kerala 

X
2
 0.0073862 

Df 1 

Significance level 0.9315 
 

From the ACF and PACF graphs, it was seen that the residuals are uncorrelated. Box-

Ljung test was used to confirm it. The p-value is above the 0.05 hence hypothesis of 

uncorrelation is accepted (Table 60). 

Table 61: Shapiro-Wilk normality test of Kerala 

W 0.8483 

Significance level 2.083e-11 
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Figure 133:  QQ Plot of residuals 

Since the points cluster around a line, it is normal. The normality of errors is 

confirmed using the QQ-plot of residuals (Figure 133) and the Shapiro-Wilk test. 

Referring to the Shapiro-Wilk table (Table 61), it was found that the value of W to be 

substantially larger than the tabulated 25% point which is 0.8483. Thus, there is no 

evidence for the test for non-normality of residuals. 

In-Sample forecasting 

To check the validity of the proposed model in forecasting consider the data and 

forecast from 4th July to 10th July (Table 62).  
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Table 62: Forecasting active cases of Kerala using the (2,2,2) model from 4th 

July to 10th July 

Day 
The estimate 

of active cases 

The lower limit 

of the interval 

The upper 

limit of the 

interval 

Actual active 

case 

04/07/2020 2107 2073 2140 2098 

05/07/2020 2122 2065 2180 2131 

06/07/2020 2103 2021 2185 2230 

07/07/2020 2094 1978 2210 2254 

08/07/2020 2103 1946 2259 2415 

09/07/2020 2102 1852 2333 2609 

 

Karnataka 

 

Figure 134:  Active cases of Karnataka during the study period 
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Figure 134 shows active cases of Karnataka. The slope of the curve indicates that the 

active cases increase throughout the study. There were 80833 active cases in 

Karnataka on 1
st
September 2020. The shape of the curve indicates the gradual 

increase in the numbers in the upcoming months        

 

Figure 135: Autocorrelation function of Karnataka 

 

Figure 136: Partial autocorrelation function of Karnataka 
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Considering the plots of ACF (Figure 135) and PACF (Figure 136), and also using the 

function auto. ARIMA, it was observed that the model of Karnataka is (1,2,0).  Figure 

137 represents the Autocorrelation function of residuals of Karnataka. The model with 

least AIC value is selected.   

For model (1,2,0)          

Zt=(2B-B
2
-1) (7)             

Φ1 =-.03054 

 

Figure 137: Autocorrelation function of residuals of Karnataka. 

Table 63:  Box-Ljung test of Karnataka 

X
2
 0.01935 

Df 1 

Significance level 0.8894 
 

From the ACF graph (Figure 137) it was seen that the residuals are uncorrelated. Box-

Ljung (Table 63) test can be used to confirm it. The p-value is above the 0.05 hence 

hypothesis of uncorrelation is accepted. 
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Table 64: Shapiro-Wilk normality test of Karnataka 

W 0.78317 

Significance level 7.422e-12 

 

Referring to the Shapiro-Wilk table (Table 64), it was found that the value of W to be 

substantially larger than the tabulated 25% point which is 0.783. Thus, there is no 

evidence for the test for non-normality of residuals. 

 
Figure 138:  QQ Plot of residuals 

QQ-plot of residuals is used to identify the normality of errors. Since the points 

cluster around a line, it is normal (Figure 138). 

In-Sample forecasting 

To check the validity of the proposed model in forecasting consider the data and 

forecast for the next few days (Table 65). 
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Table 65: Forecasting active cases of Karnataka using the (1,2,0) from 4th July 

to 10th July 

Day 
The estimate of 

active cases 

The lower limit 

of the interval 

The upper limit 

of the interval 

Actual active 

cases 

04/07/2020 10593 10366 10821 10612 

05/07/2020 11786 11338 12234 11970 

06/07/2020 12976 12255 13697 13255 

07/07/2020 14166 13135 15198 14389 

08/07/2020 15357 13979 16735 15301 

09/07/2020 16547 14792 18302 16531 

 

Tamil Nadu 

 

Figure 139: Active cases of Tamil Nadu during the study period 
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Figure conveys that the number of active cases is high. For Tamil Nadu, the active 

cases have a higher growth compared to Karnataka (Figure 139). There will be 

111289 active cases in Tamil Nadu on 1
st
 September 2020. The shape of the curve 

indicates the gradual increase in the numbers in the upcoming months. The peak of 

the cases on 04th August indicates that the state has to face massive growth of 

patients. The slope of the curve also indicates tremendous growth in the future. 

 

 

Figure 140: Autocorrelation function of Tamil Nadu 



Results 

 Page 269 

  

 

Figure 141: Partial Autocorrelation function of Tamil Nadu. 

From the figures of ACF and PACF and also using the function auto (Figure 140, 

141). Arima, find the model of Tamil Nadu is (0,2,1). Then selected the model with 

the least AIC value. For model (0,2,1), at=θ1/(1-θ1) (5) θ1= -0.9146, at=10.7where Zt is 

the time series and at is the white noise 

 

Figure 142: Autocorrelation functions of residuals of Tamil Nadu 
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Table 66: Box-Ljung test of Tamil Nadu 

X
2
 0.060709 

Df 1 

Significance level 0.8054 

 

The residuals of the series are uncorrelated which was proved by test results (Figure 

142). The output p-value of 0.8054 does not reject the null hypothesis of uncorrelated 

errors. 

Table 67: Shapiro-Wilk normality test of Tamil Nadu 

W 0.83731 

Significance level 4.016e-10 

 

 

Figure 143: QQ Plot of residuals of Tamil Nadu 
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The normality of errors is confirmed using the QQ-plot of residuals and the Shapiro-

Wilk test (Figure 143). 

Referring to the Shapiro-Wilk table (Table 67), it was found that the value of W to be 

substantially larger than the tabulated 25% point which is 0. 83731.Thus there is no 

evidence for the test for non-normality of residuals. 

In-Sample forecasting 

To check the validity of the proposed model in forecasting consider the data and 

forecast for the next few days (Table 68).  

Table 68: Forecasting active cases of Tamil Nadu using (0,2,1) model from 4th 

July to 10th July 

Day 

The 

estimate of 

active cases 

The lower 

limit of the 

interval 

The upper 

limit of the 

interval 

Actual active 

cases 

04/07/2020 42273 41726 42821 42958 

05/07/2020 43396 42521 44272 44959 

06/07/2020 44584 43298 45870 46863 

07/07/2020 45757 43965 47549 46836 

08/07/2020 46919 44597 49242 45842 

09/07/2020 48095 45188 51001 46483 
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Maharashtra 

 

Figure 144: Active cases of Maharashtra 

The higher slope of the line indicates a large infection rate (Figure 144). There will be 

162505 active cases in Tamil Nadu on 1
st
 September 2020. Furthermore, the situation 

of Maharashtra is not different but more complicated than other states. The shape of 

the curve indicates the gradual increase of the numbers in the upcoming months. The 

peak of the cases on 15th June 2020 is a warning that the state has to face massive 

growth of patients. Maharashtra is in troublesome condition. State and central 

government should take uncompromising measures to fight against coronavirus 

disease. 
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Figure 145: Autocorrelation Function of Maharashtra. 

 

 

Figure 146:  Partial Autocorrelation function of Maharashtra 
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From the figures of ACF and PACF and also using the function auto (Figure 145, 

146). ARIMA find the model of Tamil Nadu is (2,2,0). Then selected the model with 

the least AIC value. Hence the identified model for the data is ARIMA (2,2,0) is 

given by  

For model (2,2,0) 

at=4(Φ1-1) 

where Φ1=-0.7515 

at=4(-0.7515-1) =-1.7515 

 

Figure 147: Autocorrelation function of residuals of Maharashtra 

From the ACF (Figure 147) and it was seen that the residuals are uncorrelated. Box-

Ljung test was used to confirm it (Table 69). 
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Table 69: Box-Ljung test of Maharashtra 

X
2
 0.00019552 

Df 1 

Significance level 0.9888 
 

The output p value (0.9888) does not reject the null hypothesis of uncorrelated errors. 

Table 70: Shapiro-Wilk normality test of Maharashtra 

W 0.575932 

Significance level <2.2e4e-16 

 

 

Figure 148: QQ Plot of residuals of Maharashtra 

The normality of errors is confirmed using the QQ-plot of residuals (Figure 148). 
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Referring to the Shapiro-Wilk table (Table 70), it was found that the value of W to be 

substantially larger than the tabulated 25% point. Thus, there is no evidence for the 

test for non-normality of residuals. 

In-Sample forecasting 

To check the validity of the proposed model in forecasting consider the data and 

forecast from the 4th July to 10th July (Table 71).  

Table 71: Forecasting active cases of Maharashtra using the (2,2,0) model from 

4th July to 10th July 

Day 
An estimate 

of active cases 

The lower 

limit of the 

interval 

The upper limit of 

the interval 

Actual active 

cases 

04/07/2020 78696 76768 80624 79927 

05/07/2020 80116 77272 82961 83311 

06/07/2020 81537 77906 85168 86057 

07/07/2020 82957 78593 87322 87699 

08/07/2020 84378 79305 89451 89313 

09/07/2020 85798 80027 91569 91084 
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Table 72: Weekly prediction of active cases for four states during the study 

period 

Date Kerala Karnataka Maharashtra Tamil Nadu 

23-07-2020 2078 27262 95742 56286 

31-07-2020 2045 42738 117049 73840 

08-08-2020 2026 52262 128413 83202 

16-08-2020 2006 61785 139777 92565 

24-08-2020 1987 71309 151141 101927 

The weekly predictions of active COVID-19 cases presented in Table 72 offer 

valuable insights into the expected trends for four prominent states—Kerala, 

Karnataka, Maharashtra, and Tamil Nadu—during the study period from July 23, 

2020, to August 24, 2020. This table provides a detailed breakdown of forecasted 

active cases on specific dates. As of the initial date, July 23, 2020, the predicted active 

cases were 2078 for Kerala, 27262 for Karnataka, 95742 for Maharashtra, and 56286 

for Tamil Nadu. Subsequent weekly projections allow for a dynamic understanding of 

how these numbers are anticipated to change, aiding in the comprehensive analysis of 

the pandemic's progression in these states.  

Demand and capacity of hospital infrastructure facilities 

A graph is obtained by plotting the demand of ICU, ventilator and beds on each day 

for four states (Table 149). By observing the graph on demand for facilities along 
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with their carrying capacity, it is possible to derive the conclusions on the capability 

of states to deal with COVID-19. 

 

Figure 149: State-wise demand for ICU against total capacity 

The ICU capacity of Kerala is closer to the x-axis since a maximum of 100 is needed. 

The demand for ICU by 1st September 2020 is 92 and the carrying capacity is 4791. 

For Karnataka the demand for ICU is 3799 and the carrying capacity is 13105 at the 

end of the study, and in Tamil Nadu, the demand for ICU will be 5231 by September 

1st 2020 and the carrying capacity will be 7769. In Maharashtra on 1st September 

2020 the demand for ICU beds will be 7637 and the carrying capacity is 11587.  
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Figure 150: State-wise demand of beds against total capacity 

In Kerala there is a demand of 1968 beds on September 1st and the carrying capacity 

is 99277. In Tamil Nadu, the demand for beds is 11289 and the carrying capacity is 

155375. The demand for hospital beds in Karnataka is 80833 and the maximum 

capacity is 262109. At the end of the study the demand for beds in Maharashtra 

becomes 162505 and the carrying capacity is 231739 (Figure 150). 

 

Figure 151: State Wise demand of ventilators against total ventilator capacity 
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In the case of ventilator also the demand will not exceed the carrying capacity. In 

Kerala the demand is 23 ventilators and the available capacity is 2481. In Tamil Nadu 

the demand is 1280 and the carrying capacity is 3884. In Karnataka the demand for 

ventilators is 930 and the carrying capacity is 6553. Also, in Maharashtra the demand 

is 1869 by the end of this study and the carrying capacity is 5793. Uncertainty in the 

duration of disease, the top utilization of facilities, etc raises challenges. The results 

are satisfactory, but in Tamil Nadu the demand for ICU, hospital beds and ventilators 

are a bit closer to the carrying capacities (Figure 151). 

3.3.3. Impact Assessment Tool 

3.3.3.1 Social impact 

Among 800 respondents, 779 agreed to participate and completed the questionnaire. 

Out of the total respondents, 770 (98.8%) are aware about the precautionary measures 

against the pandemic. The precautionary measures include covering mouth while 

coughing and sneezing, avoid public gathering, washing hands and wearing mask. 

86.1% of the people cover their mouth while coughing and sneezing, 77.02% usually 

avoid pubic gathering, 64.05% wash their hands frequently and 93.9% always wear 

mask while going out. Major sources of information include friends (18.6%), mass 

media (57%) and social media (24.4%).  

The psychological impact, assessed by the Impact of Event Scale-Revised revealed a 

mean score of 23.55. Of all the respondents 429 (55.0%) reported a normal 

psychological impact, 135 (17.3%) reported a mild psychological impact, 54 (6.9%) 

reported a moderate psychological impact and 161 (20.6%) reported a severe 

psychological impact. The mental health assessed by the Depression Anxiety Stress 
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subscale revealed a mean score of 7.90, 5.73, and 9.09 respectively. For the 

Depression subscale 473 (60.7%) reported a normal mental health status, 100 (12.8%) 

reported a mild mental health status, 154 (19.7%) reported a moderate mental health 

status and 52 (6.6%) reported a severe mental health status. For the Anxiety subscale 

537 (68.9%) reported a normal mental health status,52 (6.6%) reported a mild mental 

health status, 119 (15.2%) reported a moderate mental health status and 71 (9.1%) 

reported a severe mental health status. For the Stress subscale 473 (60.7%) reported a 

normal mental health status, 215 (27.5%) reported a mild mental health status, 69 

(8.8%) reported a moderate mental health status and 22 (2.8%) reported a severe 

mental health status (Table 73, Figure 152). 

Table 73: Summary of IES-R and Depression Anxiety Stress Scales 

 

Range Depression Anxiety Stress IES-R 

Normal 473 (60.71%) 537 (68.9%) 473 (60.7%) 429(55%) 

Mild 100 (12.8%) 52 (6.6%) 215 (27.5%) 135 (17.3%) 

Moderate 154 (19.7%) 119 (15.2%) 69 (8.8%) 54 (6.9%) 

Severe 52 (6.6%) 71 (9.1%) 22 (2.8%) 161(20.6%) 
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Figure 152: Summary of IES-R and Depression Anxiety Stress scale 

 

Association between the IES-R scale and demographic variables during 

lockdown 

The chi-square test is used to find an association between different demographic 

variables and the IES-R and Depression Anxiety & Stress Scale. 

H0: There is no association between various demographic variables and IES-R Scale. 

H1: There is an association between various demographic variables and IES-R Scale. 
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Table 74: Psychological Impact (IESR) by Socio-economic and Demographic 

Variables 

Variable Groups 
IESR 

Sig. 
Normal Mild Moderate Severe 

Gender 

Male 177 66 24 69 
 

0.479 
Female 252 69 30 95 

Total 429 135 54 161 

Age 

18-25 317 104 46 132 

0.161 
26-40 88 27 7 26 

Above 40 24 4 1 3 

Total 429 135 54 161 

Area of 

residence 

Urban 132 53 13 66 

0.023* Rural 297 82 41 95 

Total 429 135 54 161 

Marital status 

Single 351 117 47 141 

0.245 Married 78 18 7 20 

Total 429 135 54 161 

Educational 

Qualification 

Plus, two or below 29 15 3 11 

0.594 
Graduate 211 63 31 82 

Post Graduate 189 57 20 68 

Total 429 135 54 161 

Source of 

information 

Friends 87 17 6 35 

0.042* 
Mass media 251 76 29 88 

Social media 91 42 19 38 

Total 429 135 54 161 

Social media 

exposure 

Never 35 9 4 9 

0.916 

Sometimes 91 34 16 37 

Often 126 36 15 46 

Very often 177 56 19 69 

Total 429 135 54 161 

Covering 

mouth 

Always 374 110 46 141 

0.367 Sometimes 55 25 8 20 

Total 429 135 54 161 

Washing hands 

Frequently 283 91 31 94 

0.201 Sometimes 146 44 23 67 

Total 429 135 54 161 

Wearing mask 

Yes 407 128 51 146 

0.275 No 22 7 3 15 

Total 429 135 54 161 

Avoid public 

gathering 

Always 347 95 38 120 

0.031* Sometimes 82 40 16 41 

Total 429 135 54 161 
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Extra activities 

Doing meditation or 

yoga 
47 10 7 24 

0.009* 

Using social media 69 31 16 28 

Doing something I 

am good at 
129 52 17 51 

Spending time with 

loved ones 
79 28 7 24 

None 105 14 7 34 

Total 429 135 54 161 

Chronic 

diseases 

Yes 12 5 1 9 

0.364 No 417 130 53 152 

Total 429 135 54 161 

Monthly 

family income 

Below 5000 45 12 6 30 

0.061 

5000-20000 126 50 21 57 

20000-50000 146 49 13 46 

50000-75000 52 12 6 11 

75000 and above 60 12 8 17 

Total 429 135 54 161 

* p value is less than 0.05.  

Table 74 shows that the variables like area of residence, source of information, 

avoiding public gathering and extra activities are important factors for various levels 

of psychological impact among people during lockdown. Psychological impact of this 

significant variables associated with IES-R scale is presented in Figure 153. 
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Figure 153:  Psychological impact of significant variables associated with IES-R scale 
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Association between anxiety and demographic variables during lockdown 

Table 75: Anxiety by Socio-economic and Demographic Variables 

Variable Groups 
Anxiety 

Sig. 
Normal Mild Moderate Severe 

Gender 

Male 226 19 59 32 
 

0.349 
Female 311 33 60 39 

Total 537 52 119 71 

Age** 

18-25 400 41 101 57 

0.348 
26-40 112 9 15 12 

Above 40 25 2 3 2 

Total 537 52 119 71 

Area of 

residence 

Urban 176 20 46 22 

0.521 Rural 361 32 73 49 

Total 537 52 119 71 

Marital status 

Single 442 44 105 65 

0.122 Married 95 8 14 6 

Total 537 52 119 71 

Educational 

Qualification** 

Plus, two or below 38 2 12 6 

0.467 
Graduate 268 31 51 37 

Post Graduate 231 19 56 28 

Total 537 52 119 71 

Awareness on 

precautionary 

measures 

Yes 535 51 117 67 

0.001* No 2 1 2 4 

Total 537 52 119 71 

Source of 

information 

Friends 101 7 20 17 

0.349 
Mass media 311 27 72 34 

Social media 125 18 27 20 

Total 537 52 119 71 

Social media 

exposure 

Never 39 5 6 7 

0.045* 

Sometimes 112 15 31 20 

Often 146 19 43 15 

Very often 240 13 39 29 

Total 537 52 119 71 

Covering 

mouth 

Always 474 41 100 56 

0.047* Sometimes 63 11 19 15 

Total 537 52 119 71 

Washing hands 

Frequently 348 37 67 47 

0.211 Sometimes 189 15 52 24 

Total 537 52 119 71 
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Wearing 

mask** 

Yes 506 49 110 67 

0.901 No 31 3 9 4 

Total 537 52 119 71 

Avoid public 

gathering 

Always 419 39 89 53 

0.804 Sometimes 118 13 30 18 

Total 537 52 119 71 

Extra activities 

Doing meditation 

or yoga 
59 7 11 11 

0.056 

Using social media 84 14 32 14 

Doing something I 

am good at 
170 20 37 22 

Spending time 

with loved ones 
108 6 14 10 

None 116 5 25 14 

Total 537 52 119 71 

Chronic 

diseases** 

Yes 13 2 4 8 

0.002* No 524 50 115 63 

Total 537 52 119 71 

Monthly 

family income 

Below 5000 59 5 16 13 

0.267 

5000-20000 167 14 51 22 

20000-50000 184 21 31 18 

50000-75000 60 5 8 8 

75000 and above 67 7 13 10 

Total 537 52 119 71 

Note: * p value is less than 0.05, ** Monte Carlo simulated value. 

From table 75 it was seen that variables such as exposure to social media, covering 

mouth while coughing and sneezing, chronic diseases and awareness on precautionary 

measures are significant factors for anxiety among the study participants during this 

pandemic. The measure of this significant variables associated with anxiety during 

lockdown is presented in Figure 154. 
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Figure 154: Significant Variables Associated with Anxiety during Lockdown. 
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Table 76: Psychological Impact by Anxiety 

Scores Anxiety Total 

IESR 

 Normal Mild Moderate Severe  

Normal 369(47.4%) 19(2.4%) 30 (3.9%) 11(1.4%) 429(55.1%) 

Mild 83 (10.7%) 11(1.4%) 28 (3.6%) 13(1.7%) 135(17.3%) 

Moderate 29 (3.7%0 6 (0.8%) 12 (1.5%) 7 (0.9%) 54 (6.9%) 

Severe 56 (7.2%) 16(2.1%) 49 (6.3%) 40(5.1%) 161(20.7%) 

Total 537(68.9%) 52(6.7%) 119(15.3%) 71(9.1%) 779 
 

Table 76 represents the anxiety on different levels of psychological impact during the 

lockdown period. It is clear that out of total respondents 47.4% have normal 

psychological impact and no anxiety problems. It also indicates that 7.3% individuals 

are facing mild to moderate anxiety and psychological impact while 5.1% are in 

severe condition. 

Table 77: Stress level by Socio-economic and Demographic Variables 

Variable Groups 
Stress 

Sig. 
Normal Mild Moderate Severe 

Gender 

Male 207 91 29 9 
 

0.976 
Female 266 124 40 13 

Total 473 215 69 22 

Area of 

residence 

Urban 158 71 28 7 

0.673 Rural 315 144 41 15 

Total 473 215 69 22 

Marital status** 

Single 385 189 64 18 

0.031* Married 88 26 5 4 

Total 473 215 69 22 

Educational 

Qualification 

Plus, two or 

below 
34 17 6 1 

0.848 Graduate 234 104 39 10 

Post Graduate 205 94 24 11 

Total 473 215 69 22 
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Source of 

information 

Friends 98 24 19 4 

0.004* 
Mass media 274 122 37 11 

Social media 101 69 13 7 

Total 473 215 69 22 

Social media 

exposure** 

Never 34 16 4 3 

0.512 

Sometimes 102 53 20 3 

Often 135 61 23 4 

Very often 202 85 22 12 

Total 473 215 69 22 

Covering mouth 

while coughing 

and sneezing 

Always 412 183 59 17 

0.567 Sometimes 61 32 10 5 

Total 473 215 69 22 

Washing hands 

Frequently 309 135 44 11 

0.499 Sometimes 164 80 25 11 

Total 473 215 69 22 

Avoid public 

gathering 

Always 385 152 50 13 

0.002* Sometimes 88 63 19 9 

Total 473 215 69 22 

Extra 

activities** 

Doing meditation 

or yoga 
46 26 13 3 

0.158 

Using social 

media 
77 52 11 4 

Doing something 

I am good at 
161 63 20 5 

Spending time 

with loved ones 
95 30 9 4 

None 94 44 16 6 

Total 473 215 69 22 

Chronic 

diseases** 

Yes 13 5 8 1 

0.002* No 460 210 61 21 

Total 473 215 69 22 

Monthly family 

income** 

Below 5000 40 31 16 6 

0.002* 

5000-20000 150 78 23 3 

20000-50000 164 64 21 5 

50000-75000 53 20 5 3 

75000 and above 66 22 4 5 

Total 473 215 69 22 

Note: * p value is less than 0.05, ** Monte Carlo simulated value. 

From Table 77, the factors having influence on stress during lockdown are identified 

as different sources of information, monthly family income, marital status, avoiding 
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public gathering and chronic diseases. The measure of significant variables associated 

with stress during lockdown in Figure 155. 

 

Figure 155: Significant Variables Associated with Stress during Lockdown 
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Table 78: Baseline Characteristics of Psychological Impact by Stress 

Scores Stress 

T 

IESR 

 N M M S 

N 352(45.2%) 66 (8.5%) 
11 

(1.4%) 
0 

429 

(55.1%) 

M 70 (9%) 53 (6.8%) 
11 

(1.4%) 
1(0.1%) 

135 

(17.3%) 

M 21 (2.7%) 28 (3.6%) 
5 

(0.6%) 
0 

54 

(6.9%) 

S 30 (3.9%) 68 (8.7%) 
42 

(5.4%) 
21 (2.7%) 

161 

(20.7%) 

T 473(60.7%) 215(27.6%) 
69 

(8.9%) 
22 (2.8%) 779 

Note: N- Normal, M- Mild, M- Moderate, S- Severe, T- Total 

Table 78 represents the stress on different levels of psychological impact during the 

lockdown period. Here 3.9% of the total respondents have normal stress and severe 

psychological impact. While, 14.1% of the people are suffering severe psychological 

impact and mild to moderate stress, whereas, the psychological impact and stress for 

2.7% is severe. 
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Table 79: Depression by Socio-economic and Demographic Variables 

Variable Groups 
Depression 

Sig. 
Normal Mild Moderate Severe 

Gender 

Male 207 35 72 22 
 

0.307 
Female 266 65 82 30 

Total 473 100 154 52 

Age** 

18-25 349 81 126 43 

0.188 
26-40 100 15 26 7 

Above 40 24 4 2 2 

Total 473 100 154 52 

Area of 

residence 

Urban 151 36 57 20 

0.538 Rural 322 64 97 32 

Total 473 100 154 52 

Marital status 

Single 381 87 143 45 

0.003* Married 92 13 11 7 

Total 473 100 154 52 

Educational 

Qualification** 

Plus, two or 

below 
35 9 10 4 

0.976 Graduate 239 49 73 26 

Postgraduate 199 42 71 22 

Total 473 100 154 52 

Occupational 

Status** 

Student 253 54 95 31 

0.315 

Unemployed 63 13 19 9 

Healthcare 

professional 
21 8 5 1 

Gov. employee 25 3 1 2 

Private 

employee 
111 22 34 9 

Total 473 100 154 52 

Awareness on 

precautionary 

measures** 

Yes 470 99 152 49 

0.012* No 3 1 2 3 

Total 473 100 154 52 

Source of 

information 

Friends 95 13 21 16 

0.006* 
Mass media 279 56 89 44 

Social media 99 31 44 16 

Total 473 100 154 52 

Social media 

exposure** 

Never 42 3 9 3 

0.298 

Sometimes 101 29 37 11 

Often 131 33 47 12 

Very often 199 35 61 26 

Total 473 100 154 52 
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Covering 

mouth 

Always 419 83 127 42 

0.103 Sometimes 54 17 27 10 

Total 473 100 154 52 

Washing hands 

Frequently 321 62 85 31 

0.031* Sometimes 152 38 69 21 

Total 473 100 154 52 

Wearing 

mask** 

Yes 450 98 137 47 

0.007* No 23 2 17 5 

Total 473 100 154 52 

Avoid public 

gathering 

Always 376 72 115 37 

0.208 Sometimes 97 28 39 15 

Total 473 100 154 52 

Extra activities 

Doing 

meditation or 

yoga 

50 10 22 6 

0.009* 

Using social 

media 
70 23 41 10 

Doing 

something I am 

good at 

158 37 40 14 

Spending time 

with loved ones 
98 16 18 6 

None 97 14 33 16 

Total 473 100 154 52 

Chronic 

diseases** 

Yes 10 4 8 5 

0.019* No 463 96 146 47 

Total 473 100 154 52 

Monthly 

family income 

Below 5000 47 8 27 11 

0.024* 

5000-20000 148 39 51 16 

20000-50000 155 38 50 11 

50000-75000 56 8 10 7 

75000 and 

above 
67 7 16 7 

Total 473 100 154 52 

* p value is less than 0.05, ** Monte Carlo simulated value.  

From Table 79 it is clear that the variables such as marital status, awareness about 

precautionary measures, washing hands, wearing mask, doing extra activities, 

monthly family income and chronic diseases are important factors for depression 

during lockdown. 
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Table 80: Baseline Characteristics of Psychological Impact by Depression 

Score Depression 

Total 

IESR 

 Normal Mild Moderate Severe 

Normal 343 (44%) 35 (4.5%) 45 (5.8%) 6(0.8%) 429 (55.1) 

Mild 66 (8.5%) 22 (2.8%) 41 (5.3%) 6 (0.8%) 135(17.3%) 

Moderate 17 (2.2%) 18 (2.3%) 17 (2.2%) 2 (0.3%) 54 (6.9%) 

Severe 47 (6%) 25 (3.2%) 51 (6.5%) 38(4.9%) 161(20.7%) 

Total 473(60.7) 100(12.8%) 154(19.8%) 52(6.7%) 779 

 

From table 80, 44% of the total respondents showed a normal psychological impact 

and depression. While, 4.9% are facing severe psychological impact and depression. 

The graphical representation is given in Figure 156. 
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Figure 156: Significant Variables Associated with Depression during Lockdown 
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Correlation Between IES-R and Depression Anxiety Stress Scale 

Based on our data and the scores on the participants' mental health and psychological 

impact towards COVID-19 there is a significant association between the IES-R, 

Depression, Anxiety and Stress score (Table 81). 

Table 81: Correlation between IES-R and DASS Scale 

 Depression Anxiety Stress IES-R 

Depression 1.00 0.679* 0.723* 0.592* 

Anxiety 0.679* 1.00 0.665* 0.577* 

Stress 0.723* 0.665* 1.00 0.684* 

IES-R 0.592* 0.577* 0.684* 1.00 

        Note: * Correlation is significant at 0.05. 

Table shows that there is a positive correlation between Depression, Anxiety, Stress 

and IES-R scales. 

Difference in the mean scores in different categories of demographic variables 

The normality assumption of the data is tested using Shapiro Wilk test. The null 

hypothesis to be tested is the data follows normal distribution. Here the null 

hypothesis is rejected. i.e., normality assumption of the data is violated. So, non 

parametric tests are used. 
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Table 82: Difference in Mean Scale Scores for Demographic Variables Having 

Two Categories 

Variable 

 

IESR Anxiety Depression Stress 

Sig. 
Sample 

Estimate 
Sig. 

Sample 

Estimate 
Sig. 

Sample 

Estimate 
Sig. 

Sample 

Estimate 

Gender <0.001* 20.9 <0.001* 2.99 <0.001* 5.00 <0.001* 7.00 

Marital status <0.001* 21.0 <0.001* 3.00 <0.001* 5.99 <0.001* 7.99 

Awareness 

on 

precautionary 

measures 

<0.001* 21.0 <0.001* 3.99 <0.001* 5.99 <0.001* 7.99 

Chronic 

diseases 
<0.001* 20.0 <0.001* 2.99 <0.001* 4.99 <0.001* 6.99 

Area of 

residence 
<0.001* 20.9 <0.001* 2.99 <0.001* 5.00 <0.001* 7.00 

Note: * Significant at 0.05 
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Table 83: Difference in Mean Scale Scores for Demographic Variables having 

More Than Two Categories 

Note: * p value is less than 0.05. 

Mann Whitney test evident that there is a difference in the mean IES-R score between 

the two categories of gender, marital status, area of residence, awareness on 

precautionary measures and chronic diseases (Table 82). There is also a difference in 

the mean Depression score between the two categories of gender, marital status, area 

of residence, awareness on precautionary measures and chronic diseases. Similarly, 

the mean scores of Stress and anxiety shows some difference between the two 

Variables 

IESR Depression Anxiety Stress 

   

value 
Sig. 

   

value 
Sig. 

   

value 
Sig. 

   

value 
Sig. 

Occupational 

status 
62.90 0.65 14.36 0.85 19.10 0.38 18.42 0.62 

Educational 

qualification 
55.79 0.85 14.18 0.86 13.68 0.74 15.97 0.77 

Social media 

exposure 
94.12 0.01* 23.75 0.30 28.99 0.04* 25.43 0.22 

Source of 

information 
81.96 0.11 36.50 0.01* 27.47 0.07 38.21 0.01* 

Extra activities 66.56 0.52 30.82 0.07 21.83 0.23 18.38 0.62 

Monthly family 

income 
99.02 0.008* 30.38 0.08 35.47 0.008* 38.45 0.01* 
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categories of gender, marital status, area of residence, awareness on precautionary 

measures and chronic diseases. The results from the Kruskal Wallis test shows that 

there is a difference in the mean IES-R score between the various categories of social 

media exposure and monthly family income.  Also, there is a difference in the mean 

Anxiety score between the various categories of social media exposure and monthly 

family income. The mean Stress score between the various categories of source of 

information and monthly family income is also found to be different         (Table 83). 

Relationship of Variables with IES-R and Depression Anxiety Stress Scales 

The normality and homoscedasticity assumptions of the data are tested using Shapiro 

Wilk test and Breusch-Pagan test. Durbin Watson test is used to check the 

autocorrelation. The linearity of the data is checked using QQ plot. Since the 

assumptions are violated the Median regression is used. The variables which are 

found to be significant in the univariate regression are taken into the multiple 

regression. 

Table 84: Median Regression of Anxiety with Variables Which Are Significant in 

Univariate Analysis 

 Coefficient Sig. 

95% CI 

LL UL 

Intercept 5.00 0.00 -1.79 5.00 

Social media exposure -1.00 0.001* -1.00 1.79 

Awareness on precautionary m

easure 
11.00 0.00* 5.25 15.7 

Note: * Significant at 0.05, LL-Lower Limit, UL- Upper Limit 

Table 84 shows that Anxiety during lockdown period is related with social media 

exposure and the awareness on precautionary measures. There is a decrease in anxiety 
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for those people who are exposed to the social media frequently. And the awareness 

about precautionary measures also input anxiety among people during lockdown. 

Table 85: Median Regression of Depression with Variables Which Are 

Significant in Univariate Analysis 

 
Coefficie

nt 

Significan

ce 

95% CI 

LL UL 

Intercept 14.00 0.00 8.61 17.4 

Monthly family income -0.64 0.064 -1.17 0.12 

Marital status -2.7 0.00* -4.58 -1.46 

Awareness on precautionary m

easures 
8.21 0.15 2.65 16.4 

Washing hands 2.85 0.00* 1.34 4.39 

Chronic diseases -7.64 0.002* -10.61 -2.62 

Extra activities -0.57 0.07 -1.14 0.16 

Source of information 0.92 0.13 -0.43 2.52 

Note: * Significant at 0.05 LL-Lower Limit, UL- Upper Limit 

From table 85, it is seen that there is a decrease of depression among the unmarried 

people compared to those who are married. The results show that the presence of 

chronic diseases is also related to depression. It also indicates that the practice of 

washing hands during this period results in the rise of depression among people. 
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Table 86: Median Regression of Stress with Variables Which Are Significant in 

Univariate Analysis 

 Coefficient Sig. 

95% CI 

LL UL 

Intercept 8.00 0.00 4.84 12.12 

Monthly family income -1.33 0.001* -2.84 0.35 

Source of information 2.66 0.02* -0.54 7.27 

Avoid public gathering 1.33 0.05 0.269 3.80 

Note: * Significant at 0.05 LL-Lower Limit, UL- Upper Limit 

Table 86 shows that Stress during lockdown is related with monthly family income 

and the source through which people gained information on precautionary measures. 

There is a rise in stress for those having low monthly family income during lockdown. 

Similarly, different sources through which people gained information about the 

COVID-19 outbreak is also an important factor. Mass media is found to be the major 

source of information and the results suggest that mass media has an influence on the 

rise of stress among the people during this pandemic. 
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Table 87: Median Regression of Psychological Impact with Variables Which Are 

Significant in Univariate Analysis 

 Coefficient Sig. 

95% CI 

LL UL 

Intercept 23.00 0.00 14.06 31.06 

Extra activities 4.50 0.001* 1.52 7.72 

Avoid public gathering -1.25 0.01* -4.62 0.42 

 Note: * Significant at 0.05 LL-Lower Limit, UL- Upper Limit 

Table 87 shows that for the 0.5
th

 quantile the psychological impact of people during 

lockdown period is related to their extra activities like meditation, yoga and use of 

social media. Also, there is a decrease in the effect of psychological impact for those 

people who avoid public gathering during this pandemic. 
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CHAPTER 4: DISCUSSION 

The virus has posed multifaceted challenges from the detection in late 2019, 

and overwhelming healthcare systems to prompting widespread social and economic 

disruptions, underscoring the urgent need for comprehensive understanding and 

effective management strategies.
320

 Use of data-driven methods such as consolidated 

time-series, clustering, and time-series theory for real-time monitoring of COVID-19 

helps shape both immediate and strategic long-term responses.
321

 These approaches 

provide helpful insights for timely decision-making and effective management of the 

pandemic's progression. 

Despite the strengths of existing models, their limitations arise from historical 

data reliance, posing challenges in adapting to the dynamic nature of the pandemic. 

Data collection process from diverse sources, including open-source COVID-19 

databases and supplementary data repositories, ensuring the acquisition of an 

inclusive dataset that forms the foundation for analyses.
322

 With the data curation 

process undergone, incorporating pre-processing, reconciliation, and fusion 

techniques to enhance the quality and reliability of the gathered data, ensuring the 

dataset is robust and reflective of the real-world scenario.  

To monitor and evaluate the evolving situation, sophisticated techniques are 

employed, including consolidated time-series analysis, and model selection criteria.
323

 

These monitoring techniques contribute to a holistic assessment of the pandemic 

dynamics, allowing for a nuanced understanding of its various facets. The modelling 

approaches adopted in this study include SIR (Susceptible-Infectious-Recovered) and 

exponential growth models, serving as essential tools for estimation and prediction. 

Making decisions including optimal allocation of limited recourses and impact 
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assessment provided robust insights, enhancing the ability to make informed, 

evidence-based decisions for both immediate responses and long-term strategic 

planning. 

Zrieq et al. evaluated the ARIMA statistical technique and the Prophet 

Facebook machine-learning technique in predicting COVID-19 cases, demonstrating 

their accuracy and robustness. This study's findings are similar to the findings of 

Zrieq et al. which highlights the effectiveness of time-series analysis in anticipating 

surges in cases and resource allocation.
324 

A notable difference is the forecasting 

approach, with Zrieq et al. focusing on out-of-sample forecasting and achieving high 

coefficients of determination, while the current study employs in-sample forecasting 

but still demonstrates reasonable accuracy. Both studies underscore the importance of 

such forecasting models in providing crucial insights for decision-makers and 

healthcare professionals to prepare for the future evolution of the pandemic and 

allocate resources effectively. 

In the current study, the interrupted time series analysis demonstrated a 

statistically significant positive coefficient of lockdowns, affirming their effectiveness 

in altering the trajectory of the COVID-19 pandemic. This finding underscores the 

importance of implementing lockdown policies as a valuable tool in managing the 

spread of the virus and reducing its incidence. Conversely, Thayer et al.'s study 

emphasized the substantial impact of lockdown policies on the pandemic's trajectory. 

Their interrupted time series analysis revealed an 8% reduction in the change in 

incidence rate per day after Lockdown 1.0, followed by an additional 3% reduction 

after Lockdown 4.0, resulting in an overall 11% reduction in COVID-19 incidence. 
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This study's outcomes further support the significance of lockdown measures 

in curbing the spread of the virus and reducing its impact on public health.
325

 

In the study conducted by Rizvi et al., a comprehensive analysis was carried 

out across 79 countries, utilizing 18 diverse feature variables encompassing social, 

economic, health, and environmental metrics. This extensive approach led to the 

categorization of countries into four clusters, shedding light on the multifaceted 

factors influencing the spread of COVID-19 on a global scale. The study's global 

perspective provided valuable insights into the interrelationships among various 

factors, extending beyond COVID-19 statistics and offering a holistic view that can 

inform policymakers in their efforts to control the pandemic.
326

 

In comparison, the current study focused its clustering efforts on specific 

states within a single country, India, using COVID-19-specific data such as confirmed 

cases, deaths, and recovery rates. By concentrating on localized data, this study aimed 

to identify high-concentration areas within India, enabling targeted resource allocation 

and attention where it is most needed. Both studies (Rizvi et al., the current study) 

demonstrate the significance of clustering methods in distilling complex data into 

meaningful patterns, empowering authorities to tailor their responses, allocate 

resources efficiently, and implement precise interventions to effectively combat the 

COVID-19 pandemic, whether at a global or regional level. 

In the current study, a comprehensive assessment was conducted using 

clustering techniques to analyze the shifts in case numbers and recovery rates among 

various states in India, with a particular focus on the post-lockdown period. The study 

highlighted the dynamic nature of these clusters and their significance in adapting 

strategies in real-time, enabling a precise and targeted approach to pandemic control 
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and economic mitigation. By emphasizing the evolving situation and the effectiveness 

of clustering in managing COVID-19 metrics across states, the current study offered 

valuable insights into the ongoing challenges of pandemic management. 

On the flip side, Ansari et al.'s analysis concentrated on regional variations in 

COVID-19 metrics, specifically Case Fatality Rate (CFR) and Recovery Rate (RR) in 

specific states on specific dates. They pinpointed the states with the highest CFR and 

the promising recovery rates during specific months in 2020.
327

 While Ansari et al. 

provided a snapshot of certain states during particular timeframes, the current study 

took a broader perspective, examining the continuous changes and adaptations 

required in the pandemic control strategies, underscoring the significance of 

clustering in effectively managing COVID-19 metrics across states. 

In the study conducted by Rajendrakumar et al, researchers aimed to estimate 

the basic reproduction number (  ) of SARS-CoV-2 in India to understand the virus's 

transmissibility. The study used crowdsourced time series data and various methods, 

yielding    estimates ranging from 1.43 to 1.85. The study also modified the SIR 

model to SIRD to incorporate deaths. According to the findings, the daily epidemic 

growth rate in India was 0.16 with a doubling time of 4.30 days. The study predicted a 

peak in mid-July to early August 2020 with approximately 12.5% of the population 

likely to be infected at that time.
328

  

Whereas in the current study,    values of 1.012 and 1.1129 for the SIR and 

SIRD models, respectively. Although both studies emphasize the significance of    in 

assessing the virus's spread, the estimated    values differ, possibly due to variations 

in data sources, methodologies, and periods analyzed. These variations in findings 

underscore the complexity of modelling infectious disease dynamics and the 



Discussion 

 Page 308 

  

importance of considering multiple factors in assessing virus transmissibility and 

planning response measures. 

In the study conducted by Laxminarayan et al., in India provides valuable 

insights into the dynamics of the COVID-19 pandemic, focusing on different aspects 

and methodologies. Laxminarayan et al. conducted a prospective, active surveillance 

study in Madurai, Tamil Nadu, involving a large population and a comprehensive 

approach to testing and data collection. The study revealed the prevalence of SARS-

CoV-2 infections, risk factors associated with symptomatic and asymptomatic cases, 

and mortality rates across different age groups and comorbidity profiles. The study 

also assessed seroprevalence, highlighting the discrepancy between clinically 

diagnosed cases and the actual number of infections. In contrast, the current study 

focused on state-level data analysis to understand regional variations in the average 

duration of COVID-19 among patients in different Indian states. This information is 

essential for tailoring region-specific strategies and resource allocation, as it indicates 

varying levels of disease severity and healthcare capacity across regions.
329

 

In the current study, the significance of predictive modeling in guiding the 

health sector's response to the COVID-19 pandemic was underscored, particularly 

through the utilization of the Exponential, Logistic, Gompertz, and Bertalanffy 

models. Among these models, the Bertalanffy model emerged as the most effective, 

boasting an impressively high    value of 0.999. This level of accuracy was 

instrumental for healthcare planners and policymakers, providing them with a reliable 

foundation for predicting future case numbers and trends. Precise predictions 

empowered the health sector to allocate resources efficiently, plan hospital capacities 

meticulously, and devise strategies for medical supplies and staff deployment. This 
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foresight played a pivotal role in preventing healthcare systems from becoming 

overwhelmed during the peak periods of the pandemic. 

In contrast, the study conducted by Gois et al. shared a similar objective of 

comprehending COVID-19's behavior and forecasting the total number of infected 

individuals. Their approach involved a combination of machine learning techniques, 

logistic regression, filters, and epidemiologic models. Notably, they integrated data 

from two countries to create a hybrid dataset, achieving promising results with    

scores of 0.99 for short-term predictions and 0.93 for long-term predictions. While 

both studies aimed to predict COVID-19 dynamics, the current study appeared to 

attain an even higher level of predictive accuracy, particularly with the Bertalanffy 

model, which could have had a more profound impact on shaping pandemic response 

planning.
330

 

The study conducted by Overton et al. delves into the challenges associated 

with mathematically modeling and responding to infectious disease outbreaks, 

particularly focusing on the context of COVID-19. Their work underscores the 

intricate nature of dealing with data during an outbreak, recognizing the presence of 

complexities and biases. To address these challenges, they present a toolkit 

comprising statistical and mathematical models tailored for analyzing early stages of 

outbreaks and evaluating intervention strategies. This toolkit covers various aspects, 

including parameter estimation in the presence of data biases and the assessment of 

non-pharmaceutical interventions within specific subpopulations such as households 

and care homes.
331 

Whereas, the current study takes a distinct approach by 

emphasizing the utilization of statistical distributions, namely the Weibull, Gamma, 

and Lognormal distributions, to model COVID-19 mortality data. This approach 
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offers a robust framework for comprehending and predicting the progression of the 

pandemic, with a specific focus on mortality trends.  

The study identifies the Gamma distribution as the most fitting model, 

enabling precise predictions of future mortality patterns. This predictive capability is 

of paramount importance for healthcare authorities as it facilitates effective planning 

and preparation to tackle the challenges posed by the ongoing pandemic.  

Although both studies (Overton et al., current study) aim to provide valuable 

insights and tools for managing infectious disease outbreaks, they differ in their 

specific areas of focus. Overton et al. offer a comprehensive toolkit for modeling and 

assessing interventions, addressing the nuances and biases within outbreak data.
331 

 

Conversely, the current study narrows its scope to mortality data modeling using 

statistical distributions, underscoring the critical role of accurate predictions in 

healthcare planning. Combining the approaches from both studies could potentially 

enhance the understanding and management of infectious disease outbreaks, like 

COVID-19, by concurrently addressing data complexities and predictive modeling. 

The application of the ARIMA model in the current study significantly 

enhanced the predictive accuracy of COVID-19 death forecasts. The identification of 

ARIMA (0,1,1) as the most suitable model provided health authorities with a reliable 

tool to forecast future deaths with a high degree of confidence, as demonstrated in the 

forecast plot. This critical information played a pivotal role in enabling healthcare 

decision-makers to anticipate and prepare for evolving healthcare needs, including 

planning hospital capacities and executing timely public health interventions. 
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Somyanonthanakul et al. also employed time series analysis techniques to 

extract valuable insights from COVID-19 data. However, their study primarily 

focused on predicting COVID-19 hospital admissions and understanding the 

associated factors, utilizing ARIMA and ARIMAX models.
332

 In contrast to the 

current study's emphasis on mortality predictions, Somyanonthanakul et al. 

concentrated on hospitalization patterns and patient characteristics. Both studies make 

valuable contributions to the comprehension of the pandemic's dynamics and offer 

practical applications for healthcare planning and resource allocation. While one 

study delves into the intricacies of hospital admissions and patient factors, the other 

provides crucial insights into mortality predictions, enabling informed public health 

interventions and capacity planning. 

The use of these diverse predictive models provided a multi-faceted 

understanding of the pandemic's trajectory. This enabled the health sector to respond 

more effectively to the evolving situation, from managing immediate healthcare needs 

to planning long-term strategies. The data-driven approach ensured that responses 

were tailored to the specific needs of different regions, optimizing the use of resources 

and ultimately contributing to a more effective management of the pandemic.
 333

 

The data on daily testing rates, adjusted for population size, presented in the 

current study offered valuable insights into the testing strategies adopted by different 

countries. This understanding of the scale of testing relative to population size proved 

instrumental for healthcare workers in assessing the adequacy of testing efforts and 

gauging the potential presence of undetected cases within communities. Moreover, the 

utilization of ARIMA models and statistical analysis of COVID-19 data played a 

significant role in assisting healthcare professionals in effectively managing the 
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pandemic. These tools provided a data-driven approach for comprehending the virus's 

spread and severity, facilitating precise and targeted responses, and ultimately 

enhancing the overall efficiency of the healthcare sector in addressing the crisis.
334

 

On the other hand, Malki et al. conducted a study that underscored the 

importance of daily testing rates adjusted for population size as a means to gain 

insights into testing strategies employed across various countries. This knowledge is 

vital for evaluating the sufficiency of testing efforts and identifying potential cases 

that may have gone undetected. In contrast to the current study's focus on forecasting 

the slowdown period of the pandemic using a normal distribution model, Malki et al.'s 

research concentrated on optimizing testing strategies and gaining a deeper 

understanding of the virus's transmission dynamics.
335 

While the current study 

emphasizes the prediction of infection peaks and rebounds. Together, these studies 

highlight the crucial role of data-driven insights in addressing the pandemic's 

challenges and uncertainties and enhancing the effectiveness of healthcare. 

The comprehensive analysis of air quality data conducted during the COVID-

19 lockdown, utilizing various predictive models such as ARIMA, yielded invaluable 

insights that greatly benefited the healthcare sector. The observed significant 

reduction in pollutant levels, including lower concentrations of PM10, PM2.5, NO2, 

and SO2 across various Indian cities, was directly associated with the decrease in 

human and industrial activities. This improvement in air quality, evident in the 

lowered Air Quality Index (AQI) values in cities like Ghaziabad, Delhi, and Kolkata, 

had a positive impact on public health. The decrease in air pollution levels potentially 

mitigated respiratory problems, which are particularly relevant during a respiratory 

disease pandemic like COVID-19. Furthermore, the correlation analysis and 
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forecasting facilitated by ARIMA models provided a predictive understanding of air 

quality trends, empowering government monitoring systems to prepare for potential 

shifts in technology to enhance environmental friendliness and reduce health risks. 

Comparably, in a study conducted by Mishra et al., the effects of lockdown 

and unlock phases on air quality variables across 16 major Indian cities were assessed. 

This study reported a substantial decrease in AQI values for various pollutants during 

the lockdown period, with reductions ranging from 30% to 50% for PM2.5, PM10, 

and CO, and up to 60% for NO2. These findings signify a significant reduction in the 

atmospheric loading of anthropogenic pollutants due to decreased industrial and 

vehicular emissions, resulting in improved air quality. The study underscores the 

substantial impact of pandemic-related measures on air quality in India and highlights 

the potential for long-term improvements with the implementation of appropriate 

environmental strategies. These insights were crucial for public health planning and 

policy-making, particularly in formulating strategies for potential future lockdowns 

and their implications for both air quality and public health.
336

 

The examination of air quality data and its correlation with pandemic-related 

measures provided valuable insights that contributed to healthcare planning and 

policy-making. The reduction in pollutant levels during lockdowns had a positive 

impact on public health, particularly in mitigating respiratory issues during the 

COVID-19 pandemic. The predictive capabilities of ARIMA models allowed for 

proactive measures to be taken in anticipation of potential changes in technology and 

environmental strategies. Additionally, findings from studies like that conducted by 

Mishra et al. emphasized the substantial improvements in air quality during 

lockdowns and pointed toward the potential for long-term environmental 
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enhancements.
336

 These insights played a crucial role in shaping public health 

strategies and preparedness for future pandemic-related measures. 

The utilization of time-series analysis and ARIMA modelling for forecasting 

the growth of active COVID-19 cases in various states of India provided critical 

insights for healthcare resource allocation during the pandemic. This approach was 

instrumental in predicting trends and preparing for potential surges in case numbers. 

The ARIMA (2,2,2) model accurately predicted the fluctuation in active cases, 

enabling healthcare systems to prepare for changes in ICU, ventilator, and bed 

demand.
337

 The predictive accuracy of this model, as validated by in-sample 

forecasting, allowed for more informed and strategic resource allocation, ensuring that 

the healthcare system was not overwhelmed. 

Similarly, in Karnataka, the ARIMA (1,2,0) model predicted a steady increase 

in cases. This foresight was crucial for healthcare planning, allowing authorities to 

scale up resources in anticipation of rising cases. The ability to forecast demand for 

ICU beds, ventilators, and hospital beds meant that the state could prepare more 

effectively for the increasing number of patients. The situation in Maharashtra, 

predicted using the ARIMA (2,2,0) model, highlighted the state's challenging scenario 

with a steep increase in active cases. The forecasts enabled healthcare authorities to 

anticipate the high demand for medical resources and take proactive measures to 

enhance capacity and manage the crisis more effectively. In another study conducted 

by Shetty et al., the researchers employed a Multilayer Perceptron (MLP), an 

Artificial Neural Network (ANN) model, to forecast the number of COVID-19-

infected cases in the state of Karnataka, India.
338

 To enhance the efficiency of their 

model, they utilized an Extreme Learning Machine as a fast training algorithm.  
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The selection of model parameters was performed using both traditional 

methods like the partial autocorrelation function and the innovative Cuckoo Search 

(CS) algorithm, a popular metaheuristic optimization approach. The comparison of 

these parameter selection methods and their MLP model against conventional 

backpropagation revealed that the use of the CS algorithm resulted in superior 

forecasting performance, achieving a mean absolute percentage error (MAPE) of 

6.62% on training data and 7.03% on test data. To validate the model's robustness, the 

researchers tested it with COVID-19 data from Hungary, demonstrating a MAPE of 

1.55%, thereby establishing the reliability of their ANN model for predicting COVID-

19 cases in the state of Karnataka.
338

 

In Tamil Nadu, the ARIMA (0,2,1) model's forecasts showed a high growth 

rate in active cases, indicating an impending strain on healthcare resources. This 

foresight was crucial in guiding the state's decisions on ramping up healthcare 

facilities and ensuring adequate availability of ICU beds, ventilators, and general 

hospital beds. The application of time-series analysis and ARIMA models provided a 

valuable tool for healthcare authorities in managing the COVID-19 pandemic. By 

accurately predicting the trend and growth of active cases, states were better equipped 

to allocate limited healthcare resources effectively, prepare for future demands, and 

implement strategies to mitigate the impact of the pandemic on their healthcare 

systems. Similarly, in a study conducted by Kapoor et al, the focus was on addressing 

the challenges posed by the COVID-19 pandemic in providing healthcare facilities to 

residents in rural areas with limited access to healthcare services.
339
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The study specifically targeted in a rural area experiencing the highest daily 

cases, the model projected a need for 57 beds, 8 ICUs, and 2 ventilators per day to 

meet the healthcare demand.
339

 This study demonstrates the utility of the ARIMA 

model in addressing critical questions related to resource allocation for rural 

healthcare, offering a versatile tool to enhance healthcare planning and resource 

distribution in the context of the COVID-19 pandemic. 

The social impact of the COVID-19 pandemic on various demographic groups 

provides valuable insights into the psychological well-being of the population during 

this challenging period. In the study conducted by Verma et al., the researchers 

utilized the DASS-21 scale to assess the levels of depression, anxiety, and stress 

experienced by students during the ongoing COVID-19 pandemic.
340

 The study also 

employed a four-point COPE scale to identify the coping strategies adopted by these 

students. The results revealed that the pandemic had significantly elevated stress and 

anxiety levels among the student population.  

Although depression levels were not alarmingly high, concerns about various 

aspects of their lives and future careers were widespread. The findings align with the 

current study results that indicate while a majority of respondents were aware of 

precautionary measures, there was still a significant psychological impact, with 

varying degrees of stress, anxiety, and depression observed among different 

demographic groups. The high awareness and adherence to precautionary measures 

like wearing masks and washing hands frequently, combined with a significant 

reliance on mass media for information, indicate a generally well-informed public. 

However, this also correlated with increased levels of anxiety and stress, particularly 

among those who were more exposed to social media.
341 

This suggests that while 
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being informed is crucial, overexposure to pandemic-related news and social media 

might contribute to psychological distress. 

The study's findings offer a comprehensive view of the pandemic's social 

impact and provide a foundation for healthcare providers to develop targeted mental 

health interventions. Addressing the psychological impact of the pandemic is as 

crucial as tackling the physical health challenges, and this research significantly 

contributes to understanding and meeting these mental health needs. 
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CHAPTER 5: SUMMARY 

5.1 Monitoring 

The research begins by addressing the global spread of COVID-19, noting 

India's lockdown initiation on March 24, 2020, as an effort to curb the pandemic's 

growth. The research focuses on the effectiveness of the lockdown, evaluating the 

trends of COVID-19 cases across different Indian states, and deploying time series 

analysis and hierarchical clustering to study the situation. 

In the findings, the ARIMA Model (0, 1, 2) was identified as the best-fitting 

model for predicting COVID-19 cases in India, with a forecast of 15,097 cases for 

June 24, 2020. The Interrupted time series analysis demonstrated that the lockdown 

had a significant impact on COVID-19 cases, as evidenced by a p-value less than 

0.05. Hierarchical Cluster Analysis was performed on 15 states with over 500 

confirmed cases, categorizing them into three clusters representing varying 

occurrences of the disease. The study recorded shifts in severity and occurrence 

across several states but also noted that seven states exhibited no changes. 

The research emphasized that caution is required in relaxing quarantine 

measures, particularly in states with higher occurrences of the disease. Regular 

hierarchical cluster analysis could inform government decision-making and help in 

strategizing lockdown relaxation. It was also highlighted that despite the success of 

the lockdown to some extent, the nature of the virus and various other factors allow 

for continued growth in India. 

The study warns that the pandemic will likely continue for an extended period 

and that attention should be directed toward new epicentres in the country. Special 

considerations for protecting medical personnel were deemed essential, as well as 
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aggressive enhancements in medical facilities' supply. There is also the 

recommendation to introduce an automated algorithm for regular data fetching and 

prediction, to aid government and hospitals in planning. The study offers a 

comprehensive outlook on the lockdown's impact in India, forecasts future trends, and 

provides strategic recommendations for managing the ongoing COVID-19 crisis. 

5.2 Modelling 

The analysis identified Tamil Nadu as the most compatible model with an    

value of 0.967, while Mizoram exhibited the weakest fit at 0.588. Manipur displayed 

the shortest average recovery duration (4.94 days), contrasting with Madhya Pradesh's 

longest duration (68 days). Although data originated from government sources, 

concerns about data quality, patient follow-up, and various factors such as hospital 

policies, community fears, healthcare workers' behavior, and diagnostic test accuracy 

potentially influenced the outcomes. Patient behavior at home and population 

migrations were recognized as limitations. Given diverse COVID-19 situations and 

challenges across states, a comprehensive approach considering contextual factors is 

recommended for meaningful state comparisons. 

The distinct characteristics of India's first and second COVID-19 waves, with 

the latter initiating around February 11, 2021, and varying across states, saw the 

second phase being considerably more severe, reaching nearly five times the cases of 

the first wave and peaking at over 0.2 million cases daily on April 14, 2021. India 

exhibited a diversity of over 7,684 COVID-19 virus variants. By May 2021, the 

resurgent wave had extended to rural areas, underscoring the need for universal health 

coverage (UHC). While acknowledging the urgency of saving lives and alleviating 

suffering, the identified phase characteristics offer insights for managing future 
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waves. Recognizing the disparate case numbers and healthcare availability at the 

district level, a tailored, decentralized approach is essential, facilitated by district-

level working groups equipped with resources to coordinate responses across all 

healthcare sectors. Leveraging technology and statistical modelling could streamline 

resource management for essentials like hospital beds, oxygen, ambulances, and 

funeral provisions. 

The current outlook favours Italy while posing challenges for India and the 

USA. India needs to escalate testing efforts and disclose the accurate count of affected 

individuals. It's crucial for India to prepare for worst-case scenarios, focusing on 

augmenting hospital beds, ventilators, and essential resources. Italy, although making 

progress, should sustain or accelerate its measures to control the disease, avoiding any 

reduction in their intensity. Likewise, the USA should adopt a serious approach, 

persisting with restrictive measures, adhering strictly to regulations such as traffic and 

travel limitations, bans on gatherings, and the closure of businesses. This collective 

effort was aided in mitigating the extent of the pandemic's impact. 

The global COVID-19 pandemic has emerged as a significant health crisis, 

presenting India with multifaceted challenges including ensuring access to essential 

necessities like food, medicine, employment, and shelter. Amid these circumstances, 

forecasting the disease's future trajectory has gained paramount importance. By 

calculating an exponential growth rate of 1.127 per day, insights into the disease's 

expansion have been obtained. The validation of this spread rate through SIR and 

SIRD models has facilitated a qualitative comprehension of its dissemination. The 

estimated basic reproduction number derived from epidemiological models 

underscores the potential for rapid fluctuations as social distancing measures evolve. 

To address this, we advocate for the continuous enforcement of stringent regulations 



Summary 

 Page 321 

 

to uphold social distancing, ensuring its preservation until the attainment of immunity 

against this pandemic. 

5.3 Making Decision 

The analysis suggests a potential healthcare crisis if current trends persist and 

assumptions hold. Kerala displays the best-case scenario due to its healthcare 

capacity, while Maharashtra faces a worst-case scenario with rapidly rising cases 

overwhelming existing facilities. Delhi and Gujarat fall in between. Swift measures 

such as reinforcing social distancing and reallocating healthcare resources weighted 

the threat. Employing an SEIR model, the study estimates crucial infection, 

incubation, and recovery rates. While reliant on assumptions, the study's potential 

contribution to systematic COVID-19 prevention is significant and emphasizes the 

importance of proactive measures. 

Air quality indices serve as valuable tools to assess ambient air quality, with 

four methods (AQImean, AQIgm, ORNAQI, and AQIWeiAv) indicating a clear 

reduction in pollution levels during lockdowns in five selected cities. Notably, 

average pollutant concentrations of PM10, PM2.5, SO2, and NO2 significantly 

decreased during this period, leading to a narrower interrelationship between 

pollutants. Forecasts suggest that pollution rates continue declining until lockdowns 

end, underscoring how COVID-19 lockdowns improved air quality. These changes 

highlight the human impact on the environment. To sustain these improvements, 

necessary pollution control strategies including adopting green protocols, reducing 

traffic-related pollution, promoting remote work, etc., are crucial. This period of 

decreased air pollution offers a glimpse of a healthier, cleaner world. Its permanence 

depends on long-term decisions encompassing politics, institutions, society, 
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communities, and individual mindsets. Implementing rigorous green protocols in 

India holds the potential to maintain this positive trend and ensure lasting 

environmental well-being post-COVID-19. 

Infectious disease outbreaks, including the ongoing COVID-19 pandemic, it 

was evoked fear and impacted mental health. While staying informed is vital, there 

are strategies to bolster well-being. An assessment of the psychological impact and 

mental health status of Kerala's general population revealed that half experienced mild 

to severe psychological impact, with 5.1% facing severe psychological impact and 

anxiety. The study employed the IES-R and Depression Anxiety Stress scale, finding 

connections between psychological impact, anxiety, and information sources for 

precautionary measures. Social media exposure played a role in anxiety development, 

suggesting the importance of monitoring its content. Strong correlations between IES-

R, Depression, Anxiety, and Stress scales were noted. Providing online psychiatric 

consultation and community-focused efforts by healthcare professionals and 

government agencies emerged as crucial. Awareness campaigns on precautionary 

measures played a role in mitigating the negative psychological and mental health 

effects of the pandemic, fostering resilience and smoother adaptation to challenging 

circumstances. 
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CHAPTER 6: CONCLUSION 

In-depth analysis of the spread of COVID-19, employing a multifaceted 

approach that integrated time-series analysis, growth models, and real-time 

epidemiology to assess the pandemic's trajectory and the effectiveness of lockdown 

measures. The initial spread of the virus was characterized by an exponential growth 

pattern, with the application of Exponential, Logistic, Gompertz, and Bertalanffy 

models proving to be robust in predicting the early trends. The estimation of the basic 

reproduction number (  ) indicated that the SIR and SIRD models, along with their 

modifications, provided accurate predictions in the initial phase of the pandemic 

within the first 120 days. The second phase had almost five time more when 

compared with the first and was disastrous, with a number of cases exceeding 0.2 

million per day on April 14, 2021.  

Lockdown interventions had a significant impact on the trends of COVID-19 

cases across various Indian states. Time-series analysis and hierarchical clustering 

were pivotal in evaluating the effectiveness of these measures. Moreover, the 

lockdown led to a substantial 37% reduction in air pollutant levels, highlighting the 

environmental benefits of reduced human activity during this period. 

Tamil Nadu was identified as the best fit for the model with an    value of 

0.96 and Mizoram was identified to have the least fit with an    value of 0.58. At the 

same time, Manipur was identified to have the lowest average recovery duration with 

4.94 days, and the highest in Madhya Pradesh with 68 days. The analysis also pointed 

out the potential risks associated with secondary phases of the pandemic, which could 

peak more quickly and place additional strains on the healthcare system. This 
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underscores the importance of being prepared for sudden surges in cases and having a 

responsive healthcare infrastructure. 

The socioeconomic implications of the lockdown were also profound. The rise 

in stress levels among those with lower monthly family incomes, and the significant 

influence of information sources on public perception and stress, shed light on the 

psychological and social challenges posed by the pandemic. 

The consolidation of time-series data, compartmental models, and impact 

assessment offers a comprehensive understanding of the COVID-19 pandemic in 

India. These findings provide valuable insights for policymakers and public health 

officials in making informed decisions and preparing for future challenges. It also 

opens avenues for further research on the long-term impacts of the pandemic on 

various aspects of society and the environment. 

6.1 Limitation of Study 

1. Statistical models are built upon certain assumptions about the underlying data 

distribution, relationships, and other factors. These assumptions do not always 

hold true for the complex and rapidly evolving nature of a pandemic like COVID-

19. Deviations from these assumptions led to inaccurate predictions. 

2. COVID-19 trends and dynamics have shown significant shifts over time due to 

various factors like policy changes, public behaviour, new variants, and 

vaccination efforts. Traditional statistical models struggle to capture these abrupt 

changes and adapt quickly enough. 

3. Statistical models often establish correlations but struggle to determine causal 

relationships. For example, an increase in reported cases due to increased testing 
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rather than an actual rise in infections. Distinguishing between correlation and 

causation is crucial for informed decision-making. 

4. Different regions, populations, and demographic groups exhibit varying patterns 

of COVID-19 transmission and response to interventions. Statistical models that 

do not adequately account for this heterogeneity yielded generalized and less 

accurate predictions. The comparison between regions, populations, and 

demographic groups has its own limitations to a certain extent. 

5. Despite the large amount of data collected, there were unobserved or unknown 

factors that influence the spread of COVID-19. These hidden factors introduced 

uncertainty and limited the accuracy of statistical models. 

6. The use of statistical models for decision-making will have ethical implications, 

such as resource allocation and prioritization. Models inadvertently perpetuate 

biases or lead to unfair outcomes if not designed and used thoughtfully. 

6.2 Recommendation for Further Study 

1. A one-size-fits-all approach is untenable since the numbers of COVID-19 cases 

and health services differ substantially from district to district in the upcoming 

waves. Working groups at the district level that have the autonomy to respond to 

quickly changing local situations must be empowered to receive resources and 

funds to coordinate efforts across the multifarious sectors of the health care 

system, i.e. from the front-line workers to tertiary care. Relevant technologies 

along with statistical modelling could have a role in streamlining the management 

of resources and commodities, such as oxygen, ambulances, hospital beds, and 

funeral services. 
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2. Researchers should explore ways to integrate dynamic factors such as policy 

changes, vaccination campaigns, and human behaviour into the models. This 

could involve developing more adaptive models that will quickly adjust to new 

developments in the pandemic. 

3. Explore the integration of diverse data sources, including medical records, 

mobility data, and social media trends, to enhance the accuracy and 

comprehensiveness of the models. 

4. Develop methods for real-time model updating and recalibration as new data 

becomes available. This will ensure that the models remain accurate and relevant 

as the pandemic evolves. 

5. Investigate effective ways to communicate model outputs and predictions to the 

public, policymakers, and healthcare professionals. Ensuring clear and transparent 

communication is essential for building trust and promoting appropriate actions. 

By addressing these recommendations in further studies, the field will advance its 

understanding of using statistical models for pandemic estimation and monitoring, 

leading to more effective strategies for managing and controlling future health crises. 

6.3 Policy Implications 

The study on the use of statistical models for the estimation and monitoring of the 

COVID-19 pandemic carries significant policy implications for public health 

authorities, policymakers, and healthcare providers. These implications will guide 

decisions and actions aimed at managing, containing, and controlling the pandemic 

effectively: 
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1. The current study had a very hectic procedure of cleaning and pre-processing data, 

hence policymakers could prioritize the establishment of standardized data 

collection, reporting, and sharing mechanisms. Transparent data practices will 

enhance the accuracy of statistical models and provide a solid foundation for 

informed decision-making. 

2. The study underscores the importance of basing policies and interventions on 

evidence derived from statistical modelling. Policymakers could actively engage 

with model outputs to inform strategies such as lockdowns, travel restrictions, 

vaccination campaigns, and resource allocation. 

3. The study highlights the potential for models to identify high-risk areas and 

populations. Policymakers will use this information to tailor interventions, such as 

testing and healthcare resources, to areas most in need. 

4. Effective resource allocation is critical and from the conducted research it is 

evident that certain states are in need of it at most. Policymakers will use models 

to forecast healthcare demands and allocate resources, including hospital beds, 

ventilators, and medical personnel, to areas with the highest projected needs. 

5. The study emphasizes the potential of models that can serve as early warning 

systems for potential outbreaks or resurgence of cases. Policymakers could use 

these warnings to implement timely interventions and prevent exponential growth. 

Incorporating these policy implications into decision-making processes will enhance 

the effectiveness of strategies aimed at managing and controlling the COVID-19 

pandemic. As the situation evolves, continuous collaboration between researchers, 

policymakers, healthcare providers, and the public remains essential to navigate the 

challenges posed by the pandemic effectively. 
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