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Preface 

The World Health Organization (WHO) declared COVID-19 (also referred to 
as SARS-CoV-2 disease) as a global pandemic on March 11, 2020. Since then, 
COVID-19 infections have been spreading at an alarming rate globally. The high 
transmission rates, limited diagnosis, and no effective therapy pose a considerable 
challenge in controlling and diminishing the pandemic. Scientists, researchers, and 
healthcare professionals worldwide are racing to use the best possible technologies 
and therapeutic strategies, which are being expedited in an unprecedented way. 
Along with this outbreak, 2020–2021 has also witnessed omics, bioinformatics, 
and machine learning revolution making advances in high-resolution mass spec-
trometry, next-generation sequencing (NGS), microarray technologies, and other 
spectroscopy-related methods. The scientifc community continues to gather data 
and share information across the globe through preprint servers as well as peer-
reviewed scientifc publications. Several federal agencies freely share COVID-19 
open access data and other resources with the research community. This book sum-
marizes the recent advances in understanding SARS-CoV-2 disease using the latest 
omics-based technologies and inventions. 

Chapters 1 and 2 focus on the epidemiology and strength of NGS technology for 
tracking mutations across the globe. These chapters summarize the epidemiologi-
cal characteristics, clinical features, and detection of emerging mutations of SARS-
CoV-2 that have played a crucial role in public health decisions. Chapters 3, 4, and 5 
summarize the use of high-throughput mass spectrometry technology for the detec-
tion and prognosis of COVID-19 progression. These technologies have been applied 
for the in-depth proteomics and metabolomics study of the COVID-19-infected 
host. Such studies will aid in providing valuable insights into the altered proteome 
and metabolome of the host leading to severe clinical manifestation. Moreover, the 
panel of potential biomarkers can be used in the clinics for the prognosis of disease 
outcomes before it could lead to fatal symptoms. Currently, the proteome microar-
ray technique is widely explored as a robust diagnostic platform to detect infec-
tious diseases, including COVID-19. Chapter 6 outlines the recent development 
in microarray techniques for the detection and monitoring of diseases. Chapters 7 
and 8 summarize the understanding of the host immune response toward the infec-
tion and the impact of SARS-CoV-2 on different organs of the body post-recovery. 
These chapters thus discuss the role of multi-omics technologies for the prognosis 
and management of the long-term impact of COVID-19 infection. 

The application of omics technology for understanding the mechanism of 
COVID-19 infection has revealed several potential targets for therapeutic inter-
ventions. Chapter 9 summarizes the in silico drug repurposing for combating 
COVID-19. Chapter 10 provides an overview of several other spectrometry-based 
methods used to detect the SARS-CoV-2 virus from the clinical samples. With the 
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recent development of machine learning technology and the rate at which COVID-
19 omics data accumulates, researchers have also tried to use the freely available 
resources to build the COVID-19 prediction model. Thus, Chapter 11 summarizes 
the use of big data and machine learning–based approaches to predict the clinical 
markers of COVID-19. 

This book aims to summarize valuable insights from the recent resources on 
applications of omics-based technology for the management of COVID-19. These 
resources lay the foundation for understanding the mechanism of SARS-CoV-2 
infection in humans and allow us to examine the constantly evolving feld of omics. 
This book will provide the readers with a broad scientifc outlook on the future 
scope of omics and their application in managing SARS-CoV-2 infections. 
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2 Multi-Pronged Omics Technologies to Understand COVID-19 

List of abbreviations 

BiPAP – Bilevel positive airway pressure 
CFR – Case fatality rate 
COVID-19 – Coronavirus Disease 2019 
CPAP – Continuous positive airway pressure 
GISAID – Global Initiative on Sharing All Infuenza Data 
NIV – Non-invasive ventilation 
WHO – World Health Organization 

1.1 Introduction 

1.1.1 COVID-19: A 21st-century mayhem 

SARS-CoV-2 has caused a pandemic of unimaginable proportions. It was frst iden-
tifed in China in December 2019 and was named COVID-19 in February 2020 
by WHO (Carvalho, Krammer, and Iwasaki 2021). Less than a month after it was 
named, COVID-19 was offcially declared a global pandemic by WHO in March 
2020 (Carvalho, Krammer, and Iwasaki 2021). This viral disease is transmitted 
via droplets and initially presents itself as a lower respiratory tract infection. Most 
infected individuals manifest mild disease and present fu-like symptoms such 
as dry cough, body ache, and fever. Atypical symptoms such as anorexia, diar-
rhea, and vomiting have also been reported. Some patients manifest severe respi-
ratory illness with conditions such as dyspnea and hypoxia or they would show 
greater than 50% lung involvement on imaging and may further progress to the 
critical stage with acute respiratory distress syndrome (ARDS), respiratory fail-
ure, viremia, and eventually multi-organ system dysfunction (Zaim et al. 2020). 
Extrapulmonary involvement of the virus due to angiotensin-converting enzyme 
(ACE2) receptor expression in different organs increases the complexity of disease 
pathogenesis (Dong et al. 2020). The infected individuals were initially treated 
with a combination of antiviral or antibiotics with other supplementary drugs to 
alleviate symptoms due to the lack of specifc COVID-19 medicines and vaccines. 
The pandemic severely impacted the health systems and economies globally, thus 
it’s been called a “21st-century mayhem”. 

1.1.2 An overview of SARS-CoV-2 

SARS-CoV-2 is known to be the seventh coronavirus to infect humans and third 
among the beta coronaviruses to cause a major outbreak in this century (Su et al. 
2016; Carvalho et al. 2021). It is named after the SARS-CoV as their genomes are 
80% similar to each other (Zhu et al. 2020), and the genetic arrangement of open 
reading frames (ORFs) also resembles the Middle East respiratory syndrome coro-
navirus (MERS-CoV) strain (Naqvi et al. 2020). The virus is comparatively larger, 
with 60–140 nm in diameter, and has a 9–12 nm spike surrounding it. SARS-CoV-2 is 
an enveloped single-stranded RNA virus known to be one of the giant viral genomes 
with 26–32 kb in length (Naqvi et al. 2020). The genetic constitution of SARS-CoV-2 



 

 
 
 
 
 
 

 

 
 
 

 

 
 
 

 
 
 

 

3 Clinical and epidemiological context 

contains 13–15 ORFs with around 30,000 nucleotides. The viral genome holds 11 cod-
ing genes expressing 12 viral proteins (Kronbichler et al. 2020). Structurally, the virus 
has four structural proteins: spike (S), membrane (M), envelope (E), and nucleocapsid 
(N) proteins. The spike protein (S) binds with host cell receptor ACE-2 found in many 
human organs like lungs, heart, intestine, and kidneys, allowing the virion to penetrate 
the cell. Inside the cell, the virus replicates and invades the cell machinery, disturbing 
its homeostasis, leading to apoptosis. Thus, these apoptotic cells and their fragments 
accumulate as debris and fuid in the lungs, which congest the airway, causing breath-
ing distress and pneumonia in the patients. During the initial phase of the infection, 
the innate immune response acts as the frst-line defense by producing important cyto-
kines and further initiates adaptive response to take over (Naqvi et al. 2020). 

Moreover, the host immune system exhibits a hyperactive response by attacking 
the infected and neighboring healthy cells, leading to complete respiratory failure and 
death. In rare cases, virions enter the bloodstream causing multiple organ failures. The 
fatality rate of COVID-19-infected patients ranges from 2% to 3%, and for the hospital-
ized patient, it ranges from 4% to 11% (Baric 2020). Molecular testing techniques such 
as reverse transcriptase-polymerase chain reaction (RT-PCR) are considered a confr-
matory test to detect SARS-CoV-2 in the throat and nasopharyngeal swabs. The viral 
RNA is also detected in stool samples of infected patients, sometimes at higher levels, 
inferring the possibility of fecal–oral transmission (Mesoraca et al. 2020). During the 
current pandemic, there has been unparalleled contribution made by the scientifc com-
munity in understanding the molecular mechanism behind the clinical manifestations 
for developing tools for early diagnosis and prognosis (Aggarwal et al. 2021; Bankar 
et al. 2021; Suvarna et al. 2021; Messner et al. 2020; Shen et al. 2020; Su et al. 2020). 
Furthermore, these efforts will help us develop new drugs targeting SARS-CoV-2. 

1.2 Clinical manifestation of COVID-19 

Understanding of COVID-19 characteristics is evolving over the period as the 
mutant strains are rising in several areas. COVID-19-infected patients have a broad 
spectrum of clinical manifestations and seem to predict a favorable trend in most 
patients. Pneumonia is a pervasive manifestation of SARS, MERS, and COVID-19. 
Most of the clinical features of SARS-CoV-2 are similar to the characteristics of 
the severe acute respiratory syndrome (SARS). They include fever, cough, general 
weakness, body ache, diarrhea, vomiting, myalgia, and dyspnea with progression to 
pneumonia and acute respiratory distress syndrome (Huang et al. 2020; Wang et al. 
2020). Figure 1.1 represents the clinical manifestations of COVID-19 and its time-
line of symptom relations from asymptomatic to symptomatic state. The incubation 
period of SARS-CoV-2 from the exposure of the virus to exhibiting clinical signs is 
between 5 and 14 days (Guan et al. 2020). Besides respiratory distress and failure, 
infected patients are also known to manifest viremia, which causes multi-organ 
failure putting the patient at higher risk and eventually leading to death. Global 
expansion of COVID-19 disease with a substantial rise in the number of positive 
patients also annotates other new symptoms arising. These clinical manifestations 
differ from patient to patient based on certain risk factors like age, health condi-
tions, and gender, among others (Yadav 2021). Among these, specifc age groups 
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FIGURE 1.1 Schematic representation showing the impact of SARS-CoV-2 in human body. 
(a) Entry of SARS-CoV-2 into the human body through nasal cavity. (b) Pathophysiology of 
COVID-19: complications seen in patients with COVID-19 patients. (c) A timeline of symptoms 
in COVID-19 patients. 

Source: This fgure was created using Servier Medical Art templates, which are licensed 
under a Creative Commons Attribution 3.0 Unported License; https://smart.servier.com. 

https://smart.servier.com


 

 

 

 
 
 
 
 
 
 
 
 

 
 
 

 
 
 
 
 
 

 
 
 
 
 

 

5 Clinical and epidemiological context 

have also been noted as a risk factor for the severity of the disease. At the same 
time, the younger population is studied to be with mild symptoms or asymptomatic, 
which might be crucial in further spreading the disease (Kronbichler et al. 2020). 
Severe cases are often treated in an intensive care unit (ICU) and require artifcial 
ventilation as a breathing aid. The case fatality rate (CFR) of COVID-19 is esti-
mated between 3.4% and 11% (Novosad et al. 2020). 

1.2.1 Asymptomatic patients 

Asymptomatic infection is when a patient develops no symptoms such as fever, 
cough, or any other condition during illness, and they seem to constitute approxi-
mately 40–45% of SARS-CoV-2 infections (Oran and Topol 2020; Gao et al. 2021). 
Asymptomatic infections have no notable incubation period due to the absence of 
clinical symptoms; this indicates that the transmission is very unpredictable and 
could even occur earlier in the course of infection. However, asymptomatic patients 
also have few objective clinical abnormalities, which are very subtle to be identifed. 
In a study of 24 asymptomatic patients, chest computed tomography (CT) revealed 
typical ground-glass opacities or patchy shadowing in over 50% of patients. Besides, 
another 20% had atypical imaging abnormalities (Hu et al. 2020). Around fve patients 
developed subtle symptoms typical in other COVID-19 patients with low-grade fever 
a few days after diagnosis. In another study, 55 asymptomatic patients were identi-
fed by tracing close contacts; 67% had CT evidence of pneumonia since admission. 
Besides, only two had developed hypoxia, and the rest of them were recovered (Wang 
et al. 2020). These fndings suggest CT imaging’s role in diagnosing COVID-19, even 
for asymptomatic patients in the absence of RT-PCR-based testing. 

Asymptomatic patients are considered viable carriers; and these patients can 
transmit the SARS-CoV-2 for a while until they start exhibiting symptoms and 
get diagnosed (Gao et al. 2021). Some patients with standard radiology and no 
symptoms also appeared to be symptomatic with the follow-up period (i.e., they 
were presymptomatic). Their laboratory fndings revealed that creatinine and 
D-dimer parameters were elevated (Kronbichler et al. 2020). However, studies 
have shown that the viral load detected in patients with the asymptomatic condi-
tion is similar to other symptomatic patients (Gao et al. 2021). Most asymptom-
atic COVID-19 cases are seen in younger age groups and women; others seem to 
develop symptoms during the incubation period (Kronbichler et al. 2020). Some 
younger cohorts with asymptomatic SARS-CoV-2 infection also seem to develop 
symptoms at follow-up, but they have an excellent recovery prognosis (Gao et al. 
2021). These fndings suggest that asymptomatic patients should not be neglected 
during contact tracing or during mass testing to stop the reemergence of the virus. 

1.2.2 Symptomatic patients 

The spectrum of clinical manifestations of COVID-19 patients with symptom-
atic condition ranges from mild to critical condition; many patients are found 
to be grouped under non-severe categories. The most frequently mentioned fac-
tors increasing the risk for severe infection are age (>60 years), male sex, and 



 

 

  

 

 

 

 

 
 
 
 

 

6 Multi-Pronged Omics Technologies to Understand COVID-19 

postmenopausal female (Wolff et al. 2020). Symptomatic patients are classifed 
into mild, moderate, severe, and critical. The clinical symptoms exhibited by the 
COVID-19 patients of different conditions are as follows (Wolff et al. 2020): 

• Mild: Fever, cough, sore throat, fatigue, muscle pain, anorexia, anosmia, 
body ache, and headache 

• Moderate: Clinical features of mild condition with breathlessness, mild 
pneumonia manifestation, and chest imaging fndings 

• Severe: Respiratory infection with shortness of breath, respiratory rate 
≥30 breaths per minute, oxygen saturation (SpO2) ≤93% in room air, and 
severe lesions shown in chest imaging 

• Critical: Respiratory failure, a substantial decrease in oxygen saturation 
level (need mechanical ventilation to breath), septic shock, and multiple 
organ failure will be seen in the latent stage, which requires ICU monitor-
ing treatment. 

Most of the world population infected with SARS-CoV-2 has mild symptoms, and 
many seem to recover in an earlier stage of infection. Patients with mild infection 
experience primary symptoms like fever, cough, general weakness, and body ache. 
Some mild patients also experience breathlessness with oxygen saturation (SpO2) 
of 92–94%, which usually relapses to normal (Wolff et al. 2020). Certain underly-
ing medical conditions, which act as a risk factor, promote this non-severe to severe 
transition. Some of the most common clinical parameters associated with sever-
ity are increased creatinine level, increased interleukin-6 (IL-6) and C-reactive 
protein (CRP), increased procalcitonin level (PCT), increased blood urea nitro-
gen (BUN), and decreased lymphocyte count. Other clinical parameters involved 
with the fatal condition are increased neutrophils, leukocytes, and D-dimer levels. 
Patients with severe infection have an oxygen saturation of less than 88%, making 
them utterly dependent on oxygen supplementation as their life support (Wolff et 
al. 2020). In many cases, the host immune response against the virus also kills the 
infected alveolar cells causing acute respiratory distress syndrome in critical cases. 
Elevated levels of cytokines such as IL-6 and CRP act as clinical markers showing 
the elevated immune response against virus-infected cells. 

1.3 Management of COVID-19 pandemic 

1.3.1 Prophylaxis 

The Centers for Disease Control and Prevention (CDC) (Guidance for COVID-
19, CDC) has suggested a list of guidelines to limit the spread of person-to-person 
transmission of the virus. The guidelines of CDC are as follows: (i) To maintain 6 
feet physical distance between individuals, (ii) to avoid socializing in public places 
such as restaurants, bars, ftness centers, theaters, and social gatherings, (iii) to avoid 
being in poorly ventilated spaces, (iv) to wear a mask or any other protection cov-
ering the nose and mouth properly, (v) often washing or sanitizing hands by using 
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alcohol-based sanitizer or hand rub or soap water, (vi) to clean and disinfect the sur-
faces regularly with sodium hypochlorite or any other disinfectant, (vii) covering 
nose and mouth with a tissue while sneezing and coughing, (viii) to immediately seek 
medical attention if having fu-like symptoms, and (ix) to self-isolate or quarantine 
person with clinical symptoms of COVID-19. Following these guidelines can be an 
excellent preventive measure for people during these pandemic times. SARS-CoV-2 
is highly sensitive to chemicals such as ethanol (75%), ether, and chlorine disinfec-
tants (sodium hypochlorite) and also can be inactivated by ultraviolet radiation and 
heat treatment at 56°C for 30 minutes (Hoffmann et al. 2021; Li et al. 2020). These 
measures have been proven to be effective in curbing the spread of SARS-CoV-2. 

1.3.2 Treatment 

Oxygen therapy 

Breathlessness and hypoxemia are considered as primary clinical features in COVID-
19 infection. Lungs have a high expression of ACE2. In a disease progression to sever-
ity, pro-infammatory cytokines such as interleukin-6 and interleukin-8 and other 
signaling molecules like monocyte chemoattractant protein-1 (MCP-1), tumor necrosis 
factor-alpha (TNF-α), and granulocyte colony-stimulating factor (G-CSF) are released, 
attracting neutrophils and T cells that induce lung injury leading to ARDS. Hence, 
mechanical oxygen support is essential in COVID-19 management. Non-invasive ven-
tilation (NIV) like continuous positive airway pressure (CPAP), bilevel positive airway 
pressure (BiPAP), and hyperbaric oxygen therapy (HBOT) are widely used. Similarly, 
invasive ventilation such as endotracheal/orotracheal tube and extracorporeal mem-
brane oxygenation (ECMO) is preferred by doctors in critical conditions. 

Antiviral therapy 

Some of the antiviral therapies which physicians predominantly use are as follows: 

i) Targeting viral entry (fusion inhibitors) 

• Baricitinib, a potent Janus kinase (JAK) inhibitor, binds to AP2-
associated protein kinase 1. It inhibits both host infammatory 
response and viral entry (Zhang et al. 2020). 

• Camostat mesylate is a TMPRSS2 protease inhibitor that blocks the 
SARS-CoV-2 infection of lung cells (Hoffmann et al. 2021). 

ii) Targeting virus replication 

• Reverse transcription inhibitors: Remdesivir is an RNA-dependent 
RNA polymerase (RdRp) inhibitor and is a broad-spectrum antiviral 
drug against the signifcant class of single-stranded RNA (ssRNA) 
viruses (Amirian and Levy 2020). 

• Nucleotide analogs: Favipiravir is a purine (Guanine) analog. It 
blocks the RdRp to arrest viral RNA synthesis (Furuta, Komeno, and 
Nakamura 2017). Ribavirin is a guanine derivative analog. It destabi-
lizes viral RNA by inhibiting RNA capping. 
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iii) Protease inhibitors 

• Lopinavir: Lopinavir inhibits the main protease (MPro) of SARS-
CoV-2. It is used as a lopinavir–ritonavir combination, which shows 
high effciency. Primarily, it is an HIV antiviral drug (Nutho et al. 
2020). 

Passive immunization 

i) Plasma therapy 

Passive virus neutralization by antibodies generated in other patients is the sole 
principle behind plasma therapy. Convalescent plasma is collected from COVID-19 
individuals who have recovered at least three weeks before and used to immunize 
severely or critically ill patients passively. There was no literature available for anti-
viral treatment or prevention of infection for the novel coronavirus; therefore, pas-
sive immunization was the frst therapeutic choice. A study (Cunningham, Goh, and 
Koh 2020) states that immunoglobulin therapy to severe patients helps in decreasing 
viral load infammation and boost oxygenation in ten critically ill patients. 

ii) Antibody therapy 

The receptor-binding domain (RBD) of spike protein (S) shows a strong affnity 
to the receptor on human cells, angiotensin-converting enzyme 2 (ACE2). Type 
2 alveolar cells of lungs, stratifed epithelium, myocardial cells, and the proximal 
tubule cells in the kidney are marked as high risk for sites for COVID-19 infection 
due to high ACE2 expression. Anti-S1 human monoclonal antibody 80R is potent in 
neutralizing SARS-CoV-2 by blocking the binding of S1 to ACE2 (Tai et al. 2020). 

iii) Immunomodulatory drugs/anti-infammatory drugs 

Some of the commonly used immunomodulatory drugs are as follows: 

• IL-6 inhibitors: Tocilizumab is a humanized monoclonal antibody against 
IL-6 and is widely used to treat severe and critical patients. 

• IL-1 inhibitor: Anakinra is used as an IL-1 inhibitor. 

• TNF-alpha cytokine inhibitors: Adalimumab, etanercept, and infiximab. 

• Corticosteroids reduce the activation of infammatory mediators, leading 
to the expression of anti-infammatory genes that inhibit nuclear factor-
kappa B (NF-κB) and interleukins IL-4, IL-10, and IL-13. 

1.4 Comorbidities and their risk factors in severity 
progression 

SARS-CoV-2 infection appears to vary with the underlying medical conditions of 
infected patients. The presence of medical conditions like diabetes mellitus, hyper-
tension, cardiovascular diseases, chronic liver disease, chronic kidney disease, 
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chronic neurological disease, cancers with and without direct immunosuppression, 
acquired immunodefciency syndrome, tuberculosis, sickle cell anemic disorders, 
and alcoholism reportedly affect the COVID-19 prognosis (Clark et al. 2020). The 
following points explain the correlation of a few common risk factors involved with 
the severity in most of the COVID-19 patients. 

Diabetes mellitus 

Many claims have been made regarding mechanisms aggravating the effect of diabetes 
on COVID-19. They include poor hyperglycemic control, impaired immune response 
after the viral entry into the cell, and diabetes-related complications. Studies suggest 
that the severity of the disease is directly related to hyperglycemic conditions, as there is 
a lower rate of deaths recorded in individuals with controlled glucose (Lim et al. 2021). 
However, in this outline, the possible diabetogenic effect of SARS-CoV-2 should be 
considered as it directly acts on crucial metabolic organs, including the β-cells. It results 
in the development of hyperglycemia or sudden deterioration of preexisting diabetes 
(Rubino et al. 2020). Diabetes also favors the SARS-CoV-2 infection by compromis-
ing the adaptive immune host response against the virus rather than increasing the 
innate immune infammatory reaction. The negative effect of COVID-19 on people 
with diabetes can also be facilitated by diabetes-related complications such as obesity, 
hyperlipidemia, and chronic kidney disease. These factors can be associated with the 
poor prognosis of the COVID-19 patients despite treatment (Lim et al. 2021). 

Hypertension 

It is ambiguous whether abnormal blood pressure is a risk factor for severity tran-
sition in COVID-19 patients or the antihypertensive medications responsible for 
maintaining blood pressure are or not less of a risk factor. However, studies suggest 
that controlled blood pressure can be a vital consideration to reduce the burden of 
the disease, and it also alters the susceptibility of the SARS-CoV-2 viral infection 
(Yadav 2021). Hypertensive patients are often treated with angiotensin receptor 
blockers (ARBs) and ACE inhibitors, commonly referred to as renin-angiotensin-
aldosterone inhibitors. These promote ACE2 expression, which is the entry point of 
the SARS-CoV-2 to enter into the lung cells. 

1.5 Global scenario 

The dataset for COVID-19 and key sustainable development indicators is sourced 
from Our World in Data for the purpose of this analysis on May 2, 2021 (Ritchie 
et al. 2020). Out of the 7.8 billion people globally, a total of 152,870,507 (2%) 
people tested positive for COVID-19. As of May 2021, 29.5% of all positive cases 
globally came from Europe, followed by Asia (26.5%) and North America (24.6%). 
Europe also accounted for the greatest number of deaths globally (31.9%), followed 
by North America (26.5%) and South America (21.2%). Although Asia constitutes 
59.5% of the world population, it accounted for a signifcantly lower number of 
deaths worldwide (16.6%) with a total of 8,728 positive cases per million and 114 
deaths per million. South America had the highest number of deaths per million 
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(58,219 cases per million, 1,575 deaths per million). In contrast, North America had 
the highest number of positive cases per million (63,551 cases per million, 1,434 
deaths per million), followed by Europe (60,169 cases per million, 1,363 deaths per 
million). Of all continents, Oceania and Africa, which together constitute 17.7% of 
the global population had the least number of positive cases (0.03% and 3% of all 
global cases, respectively), number of positive cases per million (1,026 and 3,410 
cases per million, respectively), number of deaths (0.03% and 3.8% of all deaths 
worldwide, respectively) and number of deaths per million (24 and 91 deaths per 
million, respectively). Higher income countries in North America and Europe are 
leading the vaccination efforts with 29.8%, and 21.8% of their population vacci-
nated with at least one dose of vaccine, respectively. The rates are low for Asia, 
standing at just 4.3%. 

India saw an increasing number of new cases till September 2020, which gradu-
ally declined for the next six months but later witnessed a massive spike in the 
COVID-19 positive cases in April 2021, which drove its share of total global cases 
up by 3.6% points from 9.5% on March 31, 2021, and that of total global deaths 
up by 1.1% points from 5.8% on March 31, 2021 (Figures 1.2 and 1.3) (WHO 
Coronavirus (COVID-19) Dashboard 2021; Ritchie et al. 2020). 

Out of the world’s top 100 most populous countries, the 10 countries that had 
the highest number of positive cases per million and had very high (>1,000) deaths 
per million were Czechia, the United States, Sweden, the Netherlands, Belgium, 
France, Portugal, Hungary, Switzerland, and Spain. Interestingly, these countries 
had the following common global indicators (mean ± standard deviation): high 
median age (42.78 ± 2.23), a high percentage of the population aged 65 or older 
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FIGURE 1.2 Total monthly new cases for worst impacted countries: The United States, India, 
and Brazil. 
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Total Monthly New Deaths for Worst Impacted Countries 
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FIGURE 1.3 Total monthly new deaths for worst impacted countries: The United States, India, 
and Brazil. 

(18.94% ± 1.55%), a high percentage of the population aged 75 or older (12.59% ± 
1.41%), low percentage of the population with extreme poverty (0.39% ± 0.44%), 
low to moderate cardiovascular death rate (142.82 ± 62.14), low diabetes prevalence 
(6.69% ± 2.21%), a high percentage of female smokers (24.11% ± 4.86%), high 
percentage of male smokers (30.12% ± 5.66%), high life expectancy (81.39 ± 2.26 
years), and very high HDI (0.91 ± 0.03). 

1.6 COVID-19 pandemic in India 

The dataset for COVID-19 and key sustainable development indicators for India 
is sourced from Our World in Data for the purpose of this analysis on May 2, 
2021 (Ritchie et al. 2020). As of May 2, 2021, India has 19,919,004 positive 
cases, 16,281,710 recovered cases, and 218,951 deaths. Among all Indian states, 
Maharashtra was impacted the most with 31.7% of nationwide deaths and 23.3% 
of total nationwide positive cases, followed by Delhi (7.8% deaths and 6% posi-
tive cases), Karnataka (7.3% deaths and 8.2% positive cases), Tamil Nadu (6.5% 
deaths and 6% positive cases), and Uttar Pradesh (6.1% deaths and 6.6% positive 
cases). A unique common indicator for these fve states is that more than 40% of 
their population have 0–1 sleep rooms, and 35–40% have two rooms, which are 
signifcantly higher percentages than other less impacted states. Kerala, on the 
other hand, had the second-highest number of positive cases in India (8.2% of total 
cases in India) but signifcantly lower death cases (2.4% of total deaths in India) 
(Figures 1.4 and 1.5) (WHO Coronavirus (COVID-19) Dashboard 2021; Ritchie et al. 
2020). One potential reason for the increased number of positive cases in April 2021 
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Total Monthly New COVID-19 Positive Cases for Worst 
Impacted Indian States on Logarithmic Scale 
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FIGURE 1.4 Total monthly new COVID-19 positive cases for worst impacted Indian states. 

Total Monthly New Deaths for Worst Impacted Indian 
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FIGURE 1.5 Total monthly new deaths due to COVID-19 for worst impacted Indian states. 
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Total Monthly New Tests for Worst Impacted Indian 
States on Logarithmic Scale 
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FIGURE 1.6 Total monthly new tests for worst impacted Indian states. 

could be the decreased or fattened number of COVID-19 tests carried out between 
December 2020 and February 2021 (Figure 1.6). (WHO Coronavirus (COVID-19) 
Dashboard 2021; Ritchie et al. 2020). The emergence of newer strains of SARS-
CoV-2 might have contributed to the spike as well. 

1.7 Authors’ perspective: Omics technologies 
for COVID-19 research 

1.7.1 Early-phase markers for diagnosis 

RT-PCR test detects the presence of viral genetic material, and it is a highly 
sensitive test that is considered the benchmark for COVID-19 detection; how-
ever, the false-negative rate of this test is strikingly high (Kucirka et al. 2020). 
Antigen test can be carried out very rapidly but has very low sensitivity (Scohy 
et al. 2020). Both RT-PCR and antigen tests validate COVID-19 diagnosis only 
in later stages of infection, leading to the spread of COVID-19 in the commu-
nity. Mass spectrometry–based techniques such as proteomics and metabolo-
mics are highly sensitive and give a descriptive idea about the patient’s severity 
state and other medical conditions (Aggarwal et al. 2021). Several biological 
pathways also get hampered during the infection process. Intermediate biomol-
ecules which are perturbed can be analyzed for alterations in their levels. Omics 
technologies such as proteomics, metabolomics, and lipidomics can be used 
to provide information about alteration in biomolecules during an early infec-
tion phase. All such biomolecules are categorized as biomarkers or early-phase 
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markers. These biomarkers can help in the proper isolation of the patient and 
the prognosis of severity. Proteomics analysis of nasopharyngeal swabs showed 
an upregulated level of lactate dehydrogenase A, lactate dehydrogenase B, and 
interleukin-6 in COVID-19 patients (Bankar et al. 2021). Downregulation of 
APOA1, APOA2, and APOM was observed in COVID-19 patients (Shen et al. 
2020). Infammatory markers like IL-6 and C-reactive protein were shown to 
be upregulated (Song et al. 2020). Infection can change the metabolic or lipid 
profle; these changes can be analyzed using high-throughput mass spectrom-
etry–based techniques. Moreover, this also enables the early detection of infec-
tion. Wu et al. showed that malic acid, glycerol-3-phosphate, and aspartic acid 
production were downregulated in COVID-19-positive cases (Wu et al. 2020). A 
panel of such biomarkers can help predict the severity progression of the disease 
and thus help avoid fatal outcomes. 

1.7.2 Prognosis of severity 

One of the primary causes of fatality for COVID-19 patients is the lack of timely 
prognosis. Timely intervention, especially for patients moving from mild to severe 
form of COVID-19, can help assuage the symptoms leading to better recovery. To 
date, most of the factors that infuence stratifcation of COVID-19 patients include 
hematological laboratory results for plasma cytokine levels, CRP, leukocyte, lym-
phocyte, D-dimer, erythrocyte sedimentation rate, and other indicators like the 
ratio of CD4+ and CD8+ T cells, change in the number of platelets, platelet-to-
lymphocyte ratio, and acute kidney injury. 

Moreover, clinicians take help from radiological fndings to assess the spread of 
infection in the internal organs, such as pleural and pericardial effusion, diffuse 
alveolar damage pattern, bronchial wall thickening, enlargement of lymph node, 
and opacities in the lungs. However, as evident, these changes happen only after a 
severe bout of infection sets in, making clinical interventions diffcult and perhaps 
less effcacious. 

Therefore, the lack of accurate biomarkers of severity is a concern. Omics 
studies have shown that, indeed, the severity of the patient can be predicted 
using plasma biomarkers (Aggarwal et al. 2021). In a landmark study, Shen et al. 
employed a random forest machine learning algorithm on the proteomic and 
metabolomic data obtained from non-severe and severe cohorts. They listed at 
least 22 proteins and seven metabolites that could predict the severity of the 
disease (Shen et al. 2020). Similarly, another study identifed that the exosomes 
during severe disease were progressively enriched in a metabolite monosialodi-
hexosyl ganglioside (Song et al. 2020). In contrast, another plasma multi-omics 
study (Su et al. 2020) of 139 COVID-19 patients representing both non-severe 
and severe conditions was found to be dependent on higher circulating cytokines 
and identifed the downregulated metabolites and metabolic processes. Further, 
the multi-omic profles from their plasma samples showed a sharp transformation 
of the metabolic profle from mild to moderate progression, as shown by the loss 
of amino acids, lipids, and xenobiotic metabolism, with a substantial increase in 
infammatory cytokines. 
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1.7.3 Therapeutics 

A large scale of multi-omics studies on COVID-19 is being carried out to explore 
the therapeutic options in treating SARS-CoV-2 infection. Transcriptomics analy-
sis provides broad knowledge about the expression and activity of the viral genes 
during infection. These could help identify the potential therapeutic drug to target 
these expressed proteins, which causes severity in the patients. Proteomics inves-
tigation can also provide information about the epigenetic and post-translational 
modifcations in host cells caused by the SARS-CoV-2 infection. Viruses regulate 
the host cellular factors for its replication inside the cell, and these actions could 
act as a factor in epigenetic regulations and posttranslational modifcations. Thus, 
the proteomic approaches can differentiate the normal host proteins from virus-
infected cellular proteins, and these could serve as potential biomarkers for thera-
peutic and diagnostic purposes. 

1.7.4 Vaccine 

As the COVID-19 situation worsens day by day, the need to design an optimum 
vaccine with higher effcacy is growing. Although multiple vaccines are available 
on the market, their effcacy varies among countries making them less potent. 
Multi-omics technologies can be used to fnd suitable epitopes which can produce 
enough immune response against SARS-CoV-2. Using a proteomic investiga-
tion of the viral components, suitable viral peptides and viral protein sequences 
can be explored thoroughly using multiple data analysis software for identifying 
effective vaccines. The genomic approach by sequencing RNA can help scientists 
work on the genetic expression level to identify the potential candidate for vaccine 
development. 

1.7.5 Genomic surveillance 

Genomic epidemiology has come of age during the current COVID-19. The pandemic 
has also ushered scientists in tracking genomic changes to a virus at a speed and scale 
never seen before (Cyranoski 2021). The coronavirus has a mutation rate that is ten-
fold lower than that of other RNA viruses, owing to the proofreading activity of nsp14. 
It is known to have a mutation rate of about 8 × 10−4 nucleotides/genome per year. 
The researchers have used these mutations to stratify the virus to a particular lineage 
or clade. Global Initiative on Sharing All Infuenza Data (GISAID) hosts the largest 
curated international repositories of SARS-CoV-2 sequence data (Hemrajata 2021). 
Around 3,913 genomes have been collected and uploaded in GSAID SARS-CoV-2 
Genomic Epidemiology (EpiCoV) platform between September 2020 and April 
2021. This data sheds light on strain diversity and putative intra- and intercontinental 
transmissions by providing a concurrent summary of the distribution of SARS-CoV-2 
clades across geographical reasons. The United Kingdom and Denmark constitute 
45% and 7% of genomes on the database (COG-UK 2020; Cyranoski 2021). One 
such study undertaken in North California revealed that WA1 strain associated 
with Washington state and six other strains were introduced cryptically into North 
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California (Deng et al. 2020). Another study from the Netherlands demonstrated 
how a combination of WGS and epidemiology helped understand the transmission 
and strengthen the evidence base for public health decision-making to implement 
strict measures (Oude Munnink et al. 2020). In another study from Japan, genome 
sequencing was performed for returnees or travelers arriving in Japan at airport quar-
antining stations (Sekizuka et al. 2021). The results demonstrated that testing and 
genome sequencing should be performed effciently to monitor the introduction of 
new strains into the community. Sequencing for Public Health Emergency Response, 
Epidemiology and Surveillance (SPHERES), a SARS-CoV-2 sequencing initiative, is 
established under CDC’s advanced molecular detection program. It aims at providing 
sequence data in real time for investigating COVID-19 cases and clusters. Despite 
these global efforts, there are still some gaps in the surveillance that need to be flled. 
These can be due to the lack of national-level consortium in many countries that have 
intense transmission. 

1.8 Conclusions 

Proper understanding of the clinical manifestation of the disease, biomarkers of infec-
tion, and its severity, and the epidemiology and transmission dynamics plays an essen-
tial role in curbing any disease. Considering a gargantuan pandemic like COVID-19, 
understanding these becomes crucial. The scientifc community has made an unparal-
leled contribution in increasing awareness about the clinical features of COVID-19. 
Many countries have established surveillance networks for studying the transmission 
dynamics of the virus. There has been an increase in the use of “omics” technologies 
for understanding the SARS-CoV-2 and for surveillance of the virus. Vaccines have 
come in a record time. Although much has been achieved, the war against COVID-19 
is far from over. The new waves of infection, cases of reinfection, and mutant strains 
have revealed the chinks in our armor, and these gaps need to be addressed in the 
times to come. Potential way forward will be to undertake more collaborative research 
that is not restricted to a country but is rather extended worldwide. 
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2.1 Importance of SARS-CoV-2 whole-genome sequencing 

One of the most powerful technologies that provide a high-resolution view of the 
pathogen evolution and helps in analyzing the transmission dynamics of outbreaks 
is whole-genome sequencing (WGS). The signifcant achievements of WGS in 
COVID-19 are the designing of specifc reverse-transcriptase polymerase chain 
reactions (RT-PCRs) (Corman et al. 2020), antiviral drug candidates (Dai et al. 
2020), and vaccine candidates (Kames et al. 2020). The involvement of WGS in pub-
lic health decision-making was observed during the West African Ebola outbreak 
in 2014, and the strategy was termed “precision public health pathogen genomics” 
(Quick et al. 2016; Gire et al. 2014). The practical use of WGS for outbreak support 
is possible subjective to the availability of reliable sequencing platforms, acces-
sible metadata, and faster data analysis. During recent outbreaks of Usutu, Ebola, 
Zika, and yellow fever virus, WGS using nanopore technology have already been 
reported (Oude Munnink et al. 2020; Quick et al. 2016; Gire et al. 2014; Nuno 
Rodrigues Faria et al. 2016; N. R. Faria et al. 2018). Several studies have shown that 
the WGS of SARS-CoV-2 has enabled us to understand the virus biology, transmis-
sion, and population dynamics during the current pandemic. Genomic surveillance 
of SARS-CoV-2 can reveal the prevalent virus lineage in the population, mutations, 
the effect of control measures, and the virus’s evolution due to interventions. 

2.2 Understanding the recent SARS-CoV-2 mutations 
using next-generation sequencing 

With the pandemic outbreak in China in late 2019, sequencing technologies could 
help identify the causative organism of the pandemic, i.e., SARS-CoV-2, a type 
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of betacoronavirus. The Coronaviridae Study Group (CSG) of the International 
Committee on Taxonomy of Viruses placed the pathogen within the Coronaviridae 
and tentatively named it 2019-nCoV. Phylogenetic analysis revealed that the virus 
formed a sister clade with human and bat SARS-CoVs of the severe acute respira-
tory syndrome-related coronaviruses. Therefore, it was referred to as SARS-CoV-2 
(Coronaviridae Study Group of the International Committee on Taxonomy of 
Viruses 2020). 

The preliminary investigation also revealed the genomic structure and organi-
zation of SARS-CoV-2. Like any other Betacoronaviruses, it comprises ORF1ab 
polyprotein at 5′-end and four major structural proteins – the spike surface glyco-
protein, small envelope protein, matrix protein, and nucleocapsid protein. Further, 
the coronaviral RNA remains encapsulated by a 5′ “leader” sequence of approxi-
mately 70 nucleotides long. The “body” sequence remains in continuity with the 
“leader” sequence and makes the downstream part of the genome (Phan 2020a). 

One of the essential characteristics of the COVID-19 pandemic has been the 
events of superspreading. Using WGS data, Lemieux et al. could identify super-
spreading events and analyze them phylogenetically (Lemieux et al. 2021). The 
genomic sequence analysis led Summer E. Galloway et al. to identify the B.1.1.7 
lineage in the United States, which the United Kingdom reported on December 14, 
2020 (Galloway et al. 2021). Similarly, after sequencing 180 complete genomes in 
Brazil, Carolina M. Voloch et al. could identify 37 samples comprising a new vari-
ant lineage. The report stated the new lineage to be a descendant of the B.1.1.28 
strain and comprises fve striking mutations. The mutations were 5′ UTR C100U, 
ORF1ab L3468V, ORF1ab 34 synC11824U, S E484K, and N A119S. They identi-
fed 731 SNVs across all samples and reported missense, synonymous, intergenic, 
and nonsense mutations (Voloch et al. 2021). After the reports of the new variants 
in the UK (20I/501Y.V1/B.1.1.7), South Africa (20H/501Y.V2/B.1.351), and Brazil 
(P. 1/20J/501Y.V3/B.1.1.248), Wenjuan Zhang et al. analyzed variants in Southern 
California. On performing phylogenetic analysis, they could identify lineages 
with two main clusters. They observed that CAL.20C lineage was frst reported in 
October 2020 (W. Zhang et al. 2021). Nextstrain estimates the rate of mutation at 
around 23bases/year (Figure 2.1). 

2.3 The SARS-CoV-2 genome structure 

In the family Coronaviridae to which coronaviruses belong, the positive-sense 
single-stranded RNA makes up the genome. Their genome size ranges from 25 to 32 
kb, and they are one of the largest known RNA viruses. The family Coronaviridae 
placed under the order Nidovirales is further subdivided into two subfamilies: 
Coronavirinae and the Torovirinae. The type of nucleocapsids they possess is the 
basis of the subdivision of the family. Further, the subfamily Coronavirinae is 
divided into four genera: the alpha-, beta-, gamma-, and delta coronaviruses that 
are extensively distributed within mammals (Payne 2017). 

SARS-CoV-2 belongs to the genus Betacoronaviruses, comprised of a positive-
sense, single-stranded RNA genome of around 30 kb and shares 80% homology 
SARS-CoV and 50% homology with Middle East respiratory syndrome coronavirus 
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FIGURE 2.1 The real-time tracking of SARS-CoV-2 mutations using Nextstrain https://next-
strain.org/. The estimated rate of mutations per year and the genome region with a higher rate of 
mutations are shown. 

(MERS-CoV). The presence of a 5′-cap structure and a 3′ poly(A) tail characterizes 
the transcript of the coronavirus (COVs). The translation of two open reading frames 
(ORFs), namely, ORF1a and ORF1b, produces non-structural proteins (nsps) (Figure 
2.2). Polypeptide 1a (pp1a) of molecular weight 440–500 kDa is made from ORF1a, 
which is further cleaved into 11 nsps. The translation of ORF1b produces a polypep-
tide (pp1ab) of molecular weight ranging around 740–810 kDa of protein. This is 
cleaved into 15 nsps. Among these, nsp3 and nsp5 are the two main proteases respon-
sible for proteolytic cleavage. Nsp3 bears a papain-like protease domain, whereas nsp5 
contains a 3C-like protease domain. The nsp12 mediates the viral genome replication 
and transcription by catalyzing RNA-dependent RNA polymerase (RdRP) activity. 

The process of replication involves generating negative-sense RNA intermediates. 
These intermediates work as templates to synthesize positive-sense genomic RNA 
(gRNA) and subgenomic RNAs (sgRNAs). The gRNA is responsible for encoding 
the proteins that assemble progeny virions, whereas sgRNA encodes conserved struc-
tural proteins like spike protein (S), envelope protein (E), membrane protein (M), 
and nucleocapsid protein (N) and several other accessory proteins. There are at least 

https://nextstrain.org
https://nextstrain.org
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FIGURE 2.2 Schematic representation of the SARS-CoV-2 structure. Representation of the 
SARS-CoV-2 genome showing the protein-coding regions. 

six types of accessory proteins (3a, 6, 7a, 7b, 8, and 10) known in SARS-CoV-2. The 
coronaviral RNA remains encapsulated by a 5′ “leader” sequence of approximately 
70 nucleotides long. The “body” sequence remains in continuity with the “leader” 
sequence and makes the downstream part of the genome. The general mechanism of 
replication of SARS-CoV involves transcription-regulatory sequences (TRSs). These 
are short motifs found adjacent to the ORFs and are the site for the fusion of “leader” 
and “body” sequences during negative-strand synthesis. Discontinuous transcription 
is a phenomenon that is prevalent in COVs. It is caused due to pausing of RdRp 
whenever it crosses a TRS in the body (TRS-B), it switches the template to the TRS 
in the leader (TRS-L), and leads to the generation of a leader–body fusion. About 41 
RNA modifcation sites were detected in the transcript with a shorter poly(A) tail, 
and the most common motif identifed was AAGAA (Kim et al. 2020). In addition to 
the canonical RNAs (both gRNAs and sgRNAs), SARS-CoV-2 contains additional 
transcripts that encode unknown ORFs with fusion, deletion, and/or frameshift. 

2.4 SARS-CoV-2 genome in terms of 
genetic diversity and evolution 

The studies on the genome of SARS-CoV-2 reveal that, like any other 
Betacoronaviruses, it comprises ORF1ab polyprotein at 5′-end and four major 
structural proteins, the spike surface glycoprotein, small envelope protein, matrix 
protein, and nucleocapsid protein (Phan 2020b). In terms of mutations, one of the 
studies revealed three deletions in the genomes of SARS-CoV-2; two deletions 
(comprising 3 and 24 nucleotides) were found in the ORF1ab polyprotein, and one 
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deletion of 10 nucleotides was noticed in the 3′-end of the genome in the SARS-
CoV-2 samples from different countries. The other signifcant fnding was that 
overall 93 mutations could be detected in the entire genome of SARS-CoV-2. The 
major nsp and structural protein-coding regions in the genome incurred missense 
mutations, the only exception being the envelope protein. 

Further annotating the mutations, 29 mutations were reported in the ORF1ab 
polyprotein, eight types of missense mutation in the spike surface glycoprotein, one 
was discerned in the matrix protein, and four in the nucleocapsid protein. The most 
notable three fndings could be linked with the report of mutations in the D354, 
Y364, and F367 located in the spike-surface glycoprotein and the receptor-binding 
domain. The mutations resulting in the conformational change of the glycoproteins 
also differ in antigenicity (Phan 2020b). 

From the widespread infections of SARS-CoV-2, it is evident that it transmits to 
and within humans. In SARS-CoV-2, its genome shared nearly 96% identity with 
BatCoV RaTG13 isolated from Rhinolophus affnis found in Yunan Province in 
China. It was crucial to identify intermediate hosts, if any, to block the interspe-
cies transmission. At almost the same time the outbreak occurred, SARS-CoV-like 
CoV from dead Malayan pangolins was extracted. The viral genome isolated from 
pangolin shared nearly 91.02% and 90.55% identical regions with the SARS-CoV-2 
and BatCoV RaTG13 genomes, respectively. The S1 protein of Pangolin-CoV fur-
ther supported this fnding. Pangolin-CoV and SARS-CoV-2 shared the exact fve 
amino acid sequences required to interact with human ACE2, but a slight variation 
of amino acids is present in RaTG13. The S1/S2 cleavage site remains intact in all 
three CoVs. Thus, it was concluded that the pangolin species possess reserves of 
SARS-CoV-2-like viruses (T. Zhang, Wu, and Zhang 2020) and are a probable 
intermediate species responsible for the outbreak. 

2.5 Global collaborations to collect and 
analyze SARS-CoV-2 sequence data 

The World Health Organization’s (WHO’s) Global Infuenza Surveillance Network 
(now the Global Infuenza Surveillance and Response System [GISRS]) was set up 
by Los Alamos National Laboratories in the United States to share sequencing data 
on the H5N1 infuenza virus. Scientists from WHO Collaborating Centres (CCs) 
for Infuenza, National Infuenza Centres, and the World Organisation for Animal 
Health (OIE)/Food and Agriculture Organization of the United Nations (FAO) 
reference laboratories came up with the idea of creation and development of “A 
global initiative on sharing avian fu data” (GISAID) platform to share sequencing 
data. The initiative resulted in the creation of the GISAID Initiative in 2008. The 
intention was to promote sharing of all infuenza virus data and metadata among 
the community worldwide. The GISAID Database Access Agreement (DAA) 
was enforced to decide on the rules for sharing genetic data to meet emergencies, 
including intellectual property rights. With its launch of EpiFlu Database in 2008, 
the importance was understood during the 2009 infuenza A (H1N1) outbreak that 
helped the researchers to follow the evolutionary pattern of the virus that spread 
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globally. And, now in the case of COVID-19 outbreaks, its importance is unprec-
edented, helping researchers to track epidemiology, the variants, evolution, and 
most importantly in deciding the candidate vaccine targets (Delaunay et al. 2016). 

2.6 SARS-CoV-2 whole-genome sequencing workflow 

With the advances of next-generation sequencing, high-throughput sequencing 
can be performed at reduced time and cost. The most popular high-throughput 
NGS instruments are Illumina platforms, Ion Torrent S5 (Thermo Fisher), Roche 
454, and Oxford Nanopore. Mainly all NGS platforms utilize a similar workfow, 
including library/template preparation, template amplifcation, sequencing, and 
data analysis (Figure 2.3). 

2.7 Steps involved in the SARS-CoV-2 
whole-genome sequencing 

2.7.1 Sample collection and preparation 

For SARS-CoV-2 whole-genome sequencing, clinical specimens, mostly naso-
pharyngeal or oropharyngeal swabs from RT-PCR-confrmed COVID-19 
patients, are collected. RNA from the samples is extracted using Trizol or RNA 
extraction kits like QIAamp Viral RNA Mini Kit (Qiagen, Valencia, CA). RNA 
samples are quantifed using Qubit RNA Assay HS kit (Invitrogen) and stored 
at –80°C before use. 

FIGURE 2.3 Overview of the next-generation sequencing workfow for SARS-CoV-2 whole-
genome sequencing using Illumina and Ion Torrent platforms. 
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2.7.2 Real-time polymerase chain reaction 

For RT-PCR testing, RNA samples are thawed at room temperature. Three SARS-
CoV-2 genes—ORF1ab, S protein, and N protein—are tested using the TaqMan 
2019-nCoV Assay Kit (LifeTechnologies, USA) to detect SARS-CoV-2 infection. 
A master mix is prepared for each target gene which includes nuclease-free water 
(NFW), TaqMan Master Mix, Rnase P, and 2019-nCoV target. A positive control 
containing TaqMan 2019-nCoV control kit and NFW and no template control con-
taining NFW for each target gene is included. RT-PCR is performed using the fol-
lowing conditions: 50℃ for 5 minutes, 95℃ for 20 seconds, 40 cycles at 95℃ for 3 
seconds, and 60℃ for 30 seconds. Ct values of each sample are analyzed, and the 
Ct value of RNAse P is used as an internal amplifcation control. 

Ct value is the number of RT-PCR cycles required to amplify the viral RNA to 
exceed the threshold value and reach the detectable concentration. In general, it 
has been observed that the lower the Ct value of a sample, the higher the viral load 
in the sample and vice versa (“Real-Time PCR: Understanding Ct|Thermo Fisher 
Scientifc—IN” n.d.). Samples with the same Ct values are taken forward for cDNA 
synthesis as the samples with high template concentration can interfere in amplify-
ing the samples with lower template concentration. 

2.7.3 cDNA synthesis 

The complementary DNA is synthesized using SuperScript™ VILO™ cDNA 
Synthesis Kit (Thermo Fisher Scientifc) containing 5X VILO™ Reaction Mix and 
10X SuperScript™ III Enzyme Mix. First random hexamer primers are used, fol-
lowed by gene-specifc primers using the ARTIC protocol (Quick, J. nCoV-2019 
sequencing protocol V.1.). After the cDNA synthesis, PCR products are purifed 
using AmpureXP purifcation beads. Quantifcation is performed using Qubit dou-
ble-strand DNA (dsDNA) High Sensitivity assay kit (Thermo Fisher Scientifc) on 
a Qubit fuorometer. 

2.7.4 Library preparation 

The frst step in sequencing involves library preparation. It includes fragmentation of 
cDNA into smaller amplicons and ligation of oligonucleotide adapters to the ends of 
the amplicons. The prepared library is then purifed and quantifed for the next step. 

(i) Library preparation for the Illumina AmpliSeq 

The AmpliSeq Library Plus kits by Illumina (Illumina, San Diego, CA) involve 
preparing paired-end libraries. The Focus Panels include an integrated workfow 
that comprises AmpliSeq for Illumina polymerase chain reaction (PCR)-based 
library preparation, Illumina sequencing by synthesis (SBS) NGS technology, and 
automated analysis. The library is quantifed using a Qubit dsDNA High Sensitivity 
assay kit on a Qubit fuorometer (Thermo Fisher Scientifc). Further, the library is 
spiked with 1% PhiX control, and sequencing is performed. 
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(ii) Ion AmpliSeq library preparation 

Sequencing on the Ion Torrent platform includes the library preparation using Ion 
AmpliSeq™ Library Kit Plus (Thermo Fisher Scientifc). 5X Ion AmpliSeq™ HiFi 
Mix is mixed with the Ion AmpliSeq ™ panels and NFW. For 100 ng of RNA, ten 
cycles of thermocycler are performed. Adapter ligation is performed using Ion P1 
Adapters, and samples are annotated using Ion Xpress™ Barcode X. Further, the 
amplifed library is purifed using AMPure™ XP Reagent and quantifed using 
Agilent™ 2100 Bioanalyzer™ Instrument. 

2.7.5 Clonal amplification 

In the Ion Torrent platform (Thermo Fisher), emulsion PCR is used for clonal 
amplifcation of adapter-ligated nucleic acid fragments on the surface of the beads 
in oil and aqueous mixture. Illumina platform utilizes the isothermal bridge ampli-
fcation of adaptor-ligated RNA fragments on the surface of the glass slide. 

2.7.6 Sequencing 

The amplifed library, now called enriched ion sphere particles, is evenly distrib-
uted on a semiconductor chip with millions of microwells for sequencing in the 
Ion Torrent platform. During DNA extension, when the phosphodiester bond is 
formed, a hydrogen ion is released. This hydrogen ion or change in pH is detected 
by a sensor placed at the bottom of the microwell, which converts this signal into a 
voltage signal. The voltage signal indicates the addition of a new nucleotide in the 
sequencing strand and is directly proportional to the number of bases incorporated. 
Illumina sequencing is performed on a fow cell, where complementary fuores-
cently labeled 3´-O-azidomethyldNTPs are added, giving the signal for sequencing. 
The process is called sequencing by synthesis. 

2.7.7 Data analysis 

The WGS data reveals insights about the genomic variants like single-nucleotide 
polymorphisms (SNPs), insertions, and deletions that drive the organism toward 
new strains to counter the host’s immune system. For instance, the phenomenon 
of “Antigenic Drift” and “Antigenic Shift” is quite common in infuenza viruses 
(H. Kim, Webster, and Webby 2018). It is noteworthy that a new lineage, “B.1.1.7”, 
could be detected, and several signifcant mutations could be identifed. The rapid 
extension of the lineages signifes the importance of genomic and epidemiologi-
cal surveillance (“Preliminary Genomic Characterisation of an Emergent SARS-
CoV-2 Lineage in the UK Defned by a Novel Set of Spike Mutations—SARS-CoV-2 
Coronavirus/NCoV-2019 Genomic Epidemiology” 2020). 

The data analysis pipeline of WGS involves numerous critical steps, from the 
quality check of input data to the detection of genomic variants like SNPs or inser-
tions and deletions (Figure 2.4). The steps that are generally followed are men-
tioned as follows. 



 

 

 
 
 
 
 
 
 
 
 

 
 

 

30 Multi-Pronged Omics Technologies to Understand COVID-19 

FIGURE 2.4 Schematic of the data analysis workfow. Analysis of the SARS-CoV-2 genome 
sequencing data obtained using Illumina or Oxford Nanopore platforms. 

(i) Quality control and preprocessing of the sequence data 

Quality check of the FASTQ fles (RNA sequencing data) must be carried out 
before further downstream analyses to remove the adaptors or poor-quality bases. 
Software like FastQC (www.bioinformatics.babhraham.ac.uk/projects/fastqc/) can 
be employed to assess the quality of the fastq fles generated. To remove these poor-
quality bases, tools like TrimGalore (www.bioinformatics.babraham.ac.uk/projects/ 
trim_galore/) or Trimmomatic (www.useadellab.org/cms/?page=trimmomatic) can 
be used (Banu et al. 2020). Some other criteria that can flter out the sequences are 
the number of Ns or gaps greater than 1%. 

(ii) Alignment to reference genome 

Sequence alignment is the next process to identify the variants or cluster similar 
sequences to identify the virus’s different clades. In the analysis of the sequences 
of SARS-CoV-2, the reference genome is generally taken as Wuhan/WHO1/2019 
(EPI_ISL_406798) (NC_045122), the frst strain reported. Reads can be aligned to 
the reference genome using a tool like hisat2 (Banu et al. 2020). For the construction 
of the phylogenetic tree, generally, multiple sequence alignment (MSA) is performed 
using tools like MAFFT (https://mafft.cbrc.jp/alignment/software/), MUSCLE 
(www.ebi.ac.uk/Tools/msa/muscle/), T-Coffee (www.ebi.ac.uk/Tools/msa/tcoffee), 
and ClustalW2 (www.clustal.org/clustal2/). Nextstrain (https://nextstrain.org/), 
the software developed by Hadfeld et al., provides a phylogenetic analysis pipe-
line. It makes use of Augur to assemble similar sequences. The MSA is performed 
using MAFFT to create an alignment fle. The next step toward the identifcation of 

http://www.bioinformatics.babhraham.ac.uk
http://www.bioinformatics.babraham.ac.uk
http://www.bioinformatics.babraham.ac.uk
http://www.useadellab.org
https://mafft.cbrc.jp
http://www.ebi.ac.uk
http://www.ebi.ac.uk
http://www.clustal.org
https://nextstrain.org
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variants is the generation of the consensus sequence. The quality check should be 
performed on the binary alignment map (BAM) fle generated to flter out the low-
quality score and bcftools (http://samtools.github.io/bcftools/bcftools.html) can be 
employed to manipulate variant calls in the Variant Call Format (VCF). 

(iii) Construction of phylogenetic tree and 
identification of the ancestral traits 

The MSA fles are generated in the aln format by ClustalW and can be visualized in soft-
ware like Jalview (www.jalview.org/) for analysis. The pipeline provided by Nextstrain 
uses IQTREE after the initial cluster formed by Augur. Another popular software is 
PHYLIP (https://evolution.genetics.washigton.edu/phylip.html) used for inferring phy-
logeny. A study used BEAST v1.10.4 for the understanding of nucleotide substitution 
rates. It also estimated the time to the most recent common ancestor (Banu et al. 2020). 
The BEAST performs Bayesian coalescent analysis to calculate the times to the most 
common ancestor for the individual clusters. The trees generally generated in NEWICK 
tree format can be interactively visualized in webservers like iTOL (Interactive Tree of 
Life) (https://itol.embl.de/). It provides a platform to differentiate the different clades. 

2.7.8 Assessing the impacts of the variants identified 

The variants that distinguish the virus strains from a particular clade need to be 
assessed for the impact on the overall organization of the virus’s genome. The 
Protein Variation Effect Analyzer (PROVEAN) can be found suitable for predict-
ing the effect of amino acid substitution or indel on the biological function of a 
protein. Another tool, the Sorting Intolerant from Tolerant (SIFT), is used to predict 
the deleterious effects of the mutated protein. The variations in the epitope regions 
or vaccine targets can be a potential way of survival for the virus by evading the 
host immune mechanism. For instance, Lucy van Dorp et al. reported how the 
genome sequence analysis reveals insights regarding the adaptation of the virus in 
its novel human host. They could identify regions of the genome that are conserved 
and the ones that are frequently mutating (van Dorp et al. 2020). 

2.8 Application of whole-genome sequencing in understanding 
fundamental SARS-CoV-2 biology and lineage 

The implications of the genotyping of SARS-CoV-2 and the need to adapt proper 
sequencing technologies have become quite evident. A report on the method for 
effective analysis of SARS-CoV-2 genomes stated to perform multiple sequence 
alignments of the genomes isolated from SARS-CoV-2 with a reference genome. 
Then Jaccard distances are to be employed so that the genotypes showing single-
nucleotide polymorphism (SNP) can be tracked to identify their relationship. By 
deploying this strategy, it could detect that the genes encoding the S proteins and 
RNA polymerase, RNA primase, and nucleoprotein are the ones that are undergoing 

http://samtools.github.io
http://www.jalview.org
https://evolution.genetics.washigton.edu
https://itol.embl.de
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frequent mutations (Yin 2020). The phylogeographic patterns of various strains 
were drawn with the sequence data to identify the disease’s transmission pat-
terns that could direct the invention of diagnostics and future vaccine design. The 
study by Alberto Gomez-Carballa et al. concluded that the SARS-CoV-2 genome 
closely resembled bat CoV and pangolin CoV and subdivided it into two micro-hap-
logroups, A and B, with subbranches representing strains worldwide. It revealed a 
kind of uniform mutation across all branches (Gómez-Carballa et al. 2020). Sudhir 
Kumar et al. attempted to analyze the mutational history of SARS-CoV-2 genomes 
using the mutation order approach (MOA) that does not require phylogeny analy-
sis as an intermediate step. It becomes evident that SARS-CoV-2 genomes follow 
clonal evolution, preserving the collinearity of the variants in the genome. This 
method could calculate the co-occurrence Index (COI) and reported around 96.9% 
for 49 variants that could infer the mutational history strongly. Another supporting 
evidence could be the emergence of μ and α variants even before the frst reports 
of COVID-19 (Kumar et al. 2021). The study by D. Paraskevis et al. discarded any 
claims of the origin of SARS-CoV-2 due to recombination events and claims to 
identify a uniform ancestry across the genome (Paraskevis et al. 2020). 

The studies focused mainly on the phylogenetic lineages and evolutionary details 
of SARS-CoV-2 based on the genomic sequences. However, the mutations must be 
analyzed for assessing the stabilizing or destabilizing impacts on critical proteins 
responsible for infection, virulence, and pathogenesis. For SARS-CoV-2, E, M, N, 
and S are such vital proteins. Because most vaccine candidates and other therapeu-
tics target these essential proteins, it becomes crucial to know the effects of muta-
tion on them. So, after performing phylogenetic analysis, Jobin John Jacob and his 
group tried to assess the impact of the mutation on the stability of the S and RBD 
proteins, those that are critical antigens of the vaccines. Some of the notable fnd-
ings were that among the 38 amino acid substitutions they could identify in the spike 
protein, around 13 were stabilizing and 16 were destabilizing it. Conclusively, it was 
reported that the rigidity of the S protein structure increased and provided more 
stable conformation to the spike protein leading to more effective binding to the 
ACE2 receptor. The signifcant mutations like D614G and S477N were positioned 
in the potential epitope regions, while S477N is in the receptor-binding domain of 
the protein. However, the number of substitutions identifed in M proteins was less, 
indicating increased stability. Therefore, it can be said that there is an outstanding 
balance between the stabilizing and unstabilizing mutations; and tracking it on some 
signifcant proteins and vaccine candidates becomes crucial to get notifed about any 
kind of escape mechanism that SARS-CoV-2 would incur (Jacob et al. 2020). 

2.9 COVID-19 re-infection prediction and surveillance 
using whole-genome sequencing data 

There were few reports on secondary infection events with SARS-CoV-2 
from Hong Kong, Belgium, and Ecuador (To et al. 2020; Van Elslande et al. 
2020; Prado-Vivar et al. 2020). Primary illness due to SARS-CoV-2 infection 
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followed by a distinct secondary infection with the same viral agent can be 
established as a reinfection after genetic analysis of the viral sequences. Tillet 
et al. reported genomic evidence of SARS-CoV-2 reinfection of the first North 
American with two distinct COVID-19 illnesses (Tillett et al. 2021). The sec-
ond infection was comparatively severe, and the genomic analysis revealed 
that the two viral agents were genetically distinct. The significance of analyz-
ing reinfection cases utilizing genomics approaches can be associated with 
vaccination response to COVID-19. Although more than 800,000 sequence 
submissions in GISAID have been made to date (March 22, 2021), this number 
lags far behind the total cases of infection detected by RT-PCR tests. This 
underlines the difficulty in limiting the spread of the virus and tracking its 
genetic sequence in real time. 

Current testing procedures like RT-PCR testing can only detect the presence 
of the virus. No information on the virus’s genetic sequence, coinfection, or 
host immune response can be derived using RT-PCR. With the emerging muta-
tions, it becomes imperative to use NGS technology to support the RT-PCR 
technique to ensure the accuracy of the test and derive valuable information. 
Because of this, there has been advancement in the NGS platforms, and, cur-
rently, two methods have been devised for SARS-CoV-2 sequencing. One work-
fow is based on shotgun genomics and another on target enrichment. Several 
mutations such as amino acid deletion in nsp2 (Bal et al. 2020), truncated ORF 
(Batty et al. 2020), and nucleotide deletion in ORF (Holland et al. 2020) have 
been identifed by SARS-CoV-2 genomic monitoring in the population. Early 
sequencing of the SARS-CoV-2 genome was carried out using viral metage-
nomic NGS (mNGS). However, this method lacks sensitivity in samples with 
low viral load, and a very high depth of sequencing is not possible (Bal et al. 
2020). In such cases, targeted methods, including amplicon or capture-based 
enrichments, are used. 

2.10 Conclusions 

The complete sequence of the SARS-CoV-2 genome has been obtained using 
NGS, and this information has allowed the development of the PCR test, widely 
used to detect COVID-19 infection. Combining the diagnosis of SARS-CoV-2 
infection with its genome sequence has opened a multitude of opportunities 
to understand its spread and evolution. The cloud-based metagenomics plat-
forms have come up that can quickly assemble NGS data into genomes and 
are user-friendly with a graphical interface that anyone can use, making it fast 
and accessible worldwide. Studying the SARS-CoV-2 genetic makeup has been 
signifcant toward the response to the current pandemic, from understanding 
viral transmission pathways to tracking its evolution. A global infrastructure 
for genome surveillance is the utmost requirement to manage things better 
and more effciently during the next pandemic, with minimum damage to our 
economies. 
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3.1 Introduction 

The rapid advances in high-throughput proteomics technology have made a 
signifcant contribution in understanding the outbreak of several viral infec-
tions such as HIV, ZIKV, DENV, MERS-CoV, and SARS-CoV. The mass spec-
trometry–based proteomics strategies have been very useful in understanding 
the SARS-CoV-2 virus and host proteins interaction, pathogenesis, and identi-
fcation of antiviral drug targets (Sperk et al. 2020). The most commonly used 
strategies for the mass spectrometry–based discovery proteomics are bottom-
up and top-down approaches. Compared to the top-down proteomics approach 
of detecting the intact proteins, bottom-up proteomics has been successfully 
applied for the precise identifcation of peptides in complex samples (Leidy 
2011). The bottom-up proteomics approach utilizes the digested peptides 
extracted from the complex biological samples, followed by the liquid chro-
matographic (LC) elution of peptides which are subjected to electrospray ion-
ization (ESI). The tandem mass spectrometry, also known as MS/MS, allows 
two-level detection of the peptide ions (precursor ions). During the frst level 
of detection (MS1), the analyzer measures the mass-to-charge ratio of precur-
sor ions and the second level of detection (MS2) involves the measurement of 
further fragmented peptide ions (product ions). Such complete analysis of the 
fragmented peptide ions is termed LC-MS/MS (Pitt 2009). Out of several bioan-
alytical testing measures employed to contain the COVID-19 pandemic, nucleic 
acid detection techniques such as RT-PCR have been the front-runners for the 
diagnosis (Hosseini et al. 2020). Although RT-PCR is the gold standard for 
the detection of viral infection, researchers have also employed a quantitative 
LC-MS/MS proteomics approach for detection of SAR-CoV-2 viral peptides 
from complex samples such as blood (serum, plasma, PBMCs), urine, saliva, 
swab as well as SAR-CoV-2 infected cell pellets (Mahmud and Garrett 2020). 
The swab samples collected from the primary site of infection have a high viral 
load and are thus used clinically to detect COVID-19 by RT-PCR. However, 
considering that swab samples are highly infectious, most of the biochemical 
tests in the clinics use blood-based samples. Thus, blood samples are consid-
ered more suitable for the identifcation of protein biomarkers for COVID-19 
prognosis. Compared to RT-PCR, which can detect specifc viral gene targets, 
the quantitative proteomics-based MS technique has the advantage of identify-
ing nearly all the pathogens from complex clinical samples. Thus, MS can also 
be multiplexed for the detection of several infections at the same time, making 
it more suitable for rapid diagnosis. Recently, MS techniques have also been 
applied for studying the host response, immune evasion, and pathogenesis of 
SAR-CoV-2. The host proteins altered signifcantly in response to COVID-19 
infection will also aid in the antiviral drug development and the design of thera-
peutic approaches. This chapter summarizes the recently gathered knowledge, 
challenges, and opportunities for the mass spectrometry–based biomarker dis-
covery and future potential for clinical application. 
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3.2 Sample preparation for mass spectrometry analysis 

The handling of any infectious virus samples, including SARS-CoV-2, should be 
conducted in the Biosafety level 3 (BSL-3) laboratory complying with biosafety 
guidelines. However, most of the laboratories equipped with mass spectrometry 
instruments might not be having a BLS-3 facility. In such a case, inactivation of 
samples using either heat treatment or organic solvents should be performed for 
the safe processing of the samples. Recently, several researchers have identifed 
the viral and host proteins using oro- and nasopharyngeal swabs (Cardozo et al. 
2020; Rivera et al. 2020; Akgun et al. 2020). A few MS-based studies have relied 
on a complex sample preparation protocol, using ethanol or isopropanol organic 
solvent to extract proteins (Cardozo et al. 2020; Nikolaev et al. 2020). Rivera and 
his group collected the swab samples of infected patients in the sodium dodecyl 
sulfate (SDS) buffer and performed in-gel digestion to detect proteins (Rivera 
et al. 2020). Compared to the swab samples, plasma samples are more suitable for 
the rapid clinical translation of the MS-detected biomarker. In this light, several 
studies have focused on the plasma samples to detect and understand host pro-
tein response toward SARS-CoV-2 infection (Waage et al. 2017; Shu et al. 2020; 
Messner et al. 2020). The most abundant proteins in the plasma account for around 
99% of proteins by weight and this might be an obstacle for detecting medium or 
low abundant proteins. The depletion strategies such as immune- or affnity-based 
depletion of abundant proteins can be used; however, these techniques also have a 
limitation of increased sample handling and co-depletion might also occur as many 
of these abundant proteins have carrier functions (Ignjatovic et al. 2020). Joonho 
Park et al. reported the suitability of undepleted infected plasma samples to iden-
tify host proteins (Park et al. 2020). The schematics of workfow for the swab and 
plasma sample processing for MS analysis are shown in Figure 3.1. 

3.2.1 Plasma sample preparation for MS analysis 

In this section, we will discuss the detailed workfow of immune–affnity-based 
plasma depletion. The detailed description of the sample preparation method is 
shown in Table 3.1. A 2-ml of whole-blood sample is collected in a sterile vacu-
tainer by clinicians. The blood samples are centrifuged at 3,000 rpm for 10 minutes. 
The plasma samples are then collected carefully from the top of the centrifuged 
tube. These samples are then heated at 56°C for 30 minutes for viral inactivation. 
The samples are aliquoted into several vials and stored at −80°C until further use. 
The depletion of high abundant proteins such as fbrinogen, haptoglobin, albumin, 
apolipoprotein A-I, and others are carried out using the PierceTM 12 abundant pro-
tein depletion spin column (ThermoFisher Scientifc). Around 15 µl of plasma sam-
ples were mixed with the resin of the spin column and incubated under a rocking 
motion for 1 hour. Around 500 µl samples were eluted by centrifugation 1,500 g 
for 2 minutes and concentrated to 100 µl using SpeedVac vacuum. The quantifca-
tion of depleted plasma samples was carried out by Bradford assay taking bovine 
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FIGURE 3.1 Schematics for COVID-19-infected swab and plasma sample preparation for mass 
spectrometry analysis. (a) Schematic for COVID-19 plasma sample preparation. Representation 
of COVID-19 plasma sample preparation as done by Suvarna et al. (PMID: 33995121) for mass 
spectrometry analysis. (b) Schematic for COVID-19 swab sample preparation. Representation 
of COVID-19 swab sample preparation as done by Bankar et al. (PMID: 33558857) for mass 
spectrometry analysis. (c) Schematic for peptide digestion and analysis using mass spectrometry. 

TABLE 3.1 

Summary of MS-based Proteomics Analysis Using COVID-19-Infected Swab and 
Plasma Samples 

Mass Spectrometry Sample Preparation Labeling References 

Nano-HPLC Dionex 
UltiMate 3000 system 
coupled to timsTOF Pro MS 

Nano LC-MS/MS 

Nano LC UltiMate 3000 
system coupled to Q 
Exactive HF-X mass 
spectrometer 

Nano LC UltiMate 3000 
system coupled to Q 
Exactive Plus (Q-Orbitrap) 
mass spectrometer 

Nano-LC coupled to Q 
Exactive Plus mass 
spectrometer 

Naso- and oropharyngeal swab 
samples heat inactivated at 
65°C for 30 minutes and 
treated with isopropanol 

Naso- and oropharyngeal swab 
lyophilized samples 

Naso- and oropharyngeal swab 
samples precipitated using 
ethanol 

Naso-and oropharyngeal swab 
samples were inactivated by 
addition of 2% SDS 

Naso-and oropharyngeal swab 
samples were inactivated by 
addition of 4% SDS and were 
kept at 95°C for 15 minutes 
and protein precipitation was 
performed in acetone 

Label-free Nikolaev et al. 
2020 

Label-free Akgun et al. 
2020 

Label-free Cardozo et al. 
2020 

Label-free Rivera et al. 
2020 

Label-free Maras et al. 
2020 
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Nano-HPLC Dionex 
UltiMate 3000 
chromatography system 
coupled to a Quadrupole-
Orbitrap (Q-Orbitrap) 
mass spectrometer 

Nano-LC system (Eksigent 
NanoLC-425) coupled to 
quadrupole TOF 
(TripleTOF 6600, Sciex, 
USA) hybrid mass 
spectrometer 

UltiMate 3000 LC 
system (Dionex-LC) 
coupled to Q Exactive 
HF mass spectrometer 
(Thermo) 

Nano-LC 1200 system 
coupled to Orbitrap 
Fusion Tribrid Mass 
Spectrometer (Thermo) 

Easy-nLC 1200 system 
coupled to Q Exactive 
HF-X mass spectrometer 

Ultimate 3000 RSLC 
system (Dionex, USA) 
coupled to Q Exactive 
HF-X mass spectrometer 

High-fow LC-MS systems, 
an Agilent 1290 Infnity II 
coupled to a Triple-TOF 
6600 mass spectrometer 

Dionex UltiMate 3000 nano 
HPLC system coupled to 
quadrupole-ion trap-
Orbitrap hybrid Eclipse® 
mass spectrometer 

Nanofow DIONEX 
UltiMate 3000 RSLCnano 
System coupled to Q 
Exactive HF-X hybrid 
Quadrupole-Orbitrap 

Orbitrap Fusion Tribrid 
Mass Spectrometer 
(Thermo Fischer 
Scientifc) 

Nasopharyngeal swab samples 
were inactivated at 70°C for 1 
hour and precipitated using 
methanol 

Naso- and oropharyngeal swabs 
were inactivated by adding 
lysis buffer (25% guanidinium 
thiocyanate and 5% SDS) for 
20 minutes at RT. Twenty 
percent (w/v) trichloroacetic 
acid (TCA) was used for 
protein precipitation 

Nasopharyngeal swab was 
precipitated using 
trichloroacetic acid and 
heated at 99°C for 5 minutes 
in LDS sample buffer 

Nasopharyngeal swab was heat 
inactivated at 65°C for 45 
minutes and precipitated 
using ethanol, acetone, and 
isopropanol 

Undepleted plasma mixed with 
reaction solution (1% SDC, 10 
mM TCEP, and 40 mM CAA) 

Undepleted plasma 

Undepleted plasma and serum 
samples 

Plasma samples were lysed in 
following lysis buffer (5.4 M 
guanidinium hydrochloride, 
50 mM Tris, 10 mM TCEP, 40 
mM chloroacetamide, pH ~ 8) 

Serum samples were 
inactivated and sterilized at 
56°C for 30 minutes 

Plasma was incubated at 56°C 
for 30 minutes for viral 
inactivation. The depleted 
plasma proteins were 
reduced using 6 M urea 

Label-free Saadi et al. 
2021 

Label-free Singh et al. 
2020 

Label-free Gouveia et al. 
2020 

Label-free Bankar et al. 
2021 

TMT11-plex Shu et al. 
labeling 2020 

Label-free Park et al. 
2020 

Label-free Messner et al. 
2020 

Label-free Overmyer 
et al. 2020 

TMTpro16plex Shen et al. 
label reagents 2020 

Label-free Suvarna et al. 
2021 
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serum albumin (BSA) protein as a reference standard. To 30 µg of a depleted plasma 
sample was added 6 M of urea. The plasma protein was reduced with 20 mM tris(2-
carboxyethyl) phosphine (TCEP) and incubated at 37°C for 1 hour. The alkylation 
was carried out by 40 mM iodoacetamide (IAA) and incubated for 15 minutes in the 
dark. Then, the sample was diluted six times with 50 mM ammonium bicarbonate 
(ABC). The proteins were digested using trypsin at an enzyme/substrate ratio of 1:30 
and incubated overnight at 37°C. Next day, the digested sample was vacuum dried 
to stop trypsin activity and reconstituted in 0.1% formic acid (FA). The digested 
peptide was desalted using a C-18 column, and the eluted dried peptides were recon-
stituted in 0.1% (v/v) FA. Finally, the peptide concentration was calculated from its 
OD value at 205 and 280 nm using the Scopes method (Scopes 1974). Around 1 µg 
of peptides was injected at a fow rate of 300 nl/minute into liquid chromatography 
(LC) and the peptides were analyzed on Orbitrap Fusion Tribrid Mass Spectrometer 
(Thermo Fischer Scientifc) with an easy nano LC-1200 system (Suvarna et al. 2021). 

3.2.2 Swab sample preparation for MS analysis 

Most research works have used different solvents for precipitation of the swab 
samples, such as acetone, ethanol, methanol, trichloroacetic acid, isopropanol, and 
SDS. Bankar et al. precipitated swab samples using three solvents—ethanol, iso-
propanol, and acetone. The pooling of the peptide from these three conditions gave 
a high abundance of viral peptides compared to the individual solvent precipitation 
(Bankar et al. 2021). The details of the nasopharyngeal and oropharyngeal swab 
sample preparation are given in Table 3.1. 

3.3 Discovery proteomics for detection 
of viral and host proteins 

Recently, quantitative discovery proteomics has been widely explored to detect the 
viral and host peptides from the COVID-19-infected samples (Park et al. 2020; 
Nikolaev et al. 2020; Demichev et al. 2020). Currently, there are two methods of 
quantifcation for MS-based proteomics, label-free (LFQ) and label-based quanti-
fcation techniques (Bantscheff et al. 2007) (Figure 3.2). In the LFQ approach, the 
peptides are quantifed on the basis of peak intensity and spectral counting measure-
ments. The measurement of intensity occurs at the MS1 level and the quantifcation of 
the area under the curve generated from the chromatogram (Latosinska et al. 2015). 
The quantifcation using label-based approach is based on the use of stable isotopes 
such as isotope-coded affnity tag, isobaric tag for relative and absolute quantifca-
tion (iTRAQ), and tandem mass tag (TMT), a chemical labeling technique (Trinh 
et al. 2013). The label-based methods allow for the labeling as well as quantifcation 
of multiple samples. The combining of multiple samples for one run not only saves 
the instrument time but also allows for reduced analytical variability. A few research 
studies have used TMT-based chemical labeling techniques to detect host proteins 
using COVID-19-infected plasma samples (Shen et al. 2020; Shu et al. 2020). 
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FIGURE 3.2 Workfow for mass spectrometry–based label and label-free quantifcation. 

Source: Representative fgure of discovery proteomics using label-based and label-free quan-
tifcation (LFQ) as described by Deracinois et al. PMID: 28250403. 

3.3.1 Label-free quantification 

The swab and plasma peptides were analyzed on Orbitrap Fusion Mass Spectrometer 
with an easy nano-LC 1200 system (Suvarna et al. 2021). The analysis was per-
formed in the DDA (data-dependent acquisition) mode along with a scan range 
of 375–1,700 m/z and a mass resolution of 60,000. A mass tolerance window was 
set at 10 ppm, and all the MS/MS data were collected using the high-energy colli-
sion dissociation method (HCD). An LC gradient of 120 minutes was used for the 
separation of the peptides. Solvent A consisted of 0.1% FA in water (LC/MS grade) 
and solvent B comprised of 80% can in 0.1% FA water (LC/MS grade). For data 
acquisition, Thermo Xcalibur software (version 4.0) was used. The chromatograms 
generated by mass spectrometry analysis of plasma and swab samples are shown 
in Figure 3.3. 
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FIGURE 3.3 Representative chromatograms generated by mass spectrometry analysis of 
plasma and swab samples from COVID-19-infected patients. 

3.3.2 Data analysis and database 

The mass spectrometry datasets can be processed with software such as MaxQuant, 
Mascot, Proteome Discoverer, Perseus, and many others. This section will describe 
the analysis using MaxQuant (Tyanova, Temu, and Cox 2016) (v1.6.6.0) software 
in detail. For any analysis, we required database and parameter fles. For the detec-
tion of host proteins, the human Swiss-Prot database (Version: 2020_04) was used, 
consisting of 20,353 proteins. To detect viral peptides, severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2) Swiss-Prot database consisting of 13 proteins 
was used. Raw fles were processed in MaxQuant using label-free quantifcation 
(LFQ) method and setting label-type as “standard” with a multiplicity of 1. The 
Orbitrap was set to Orbitrap Fusion mode. The parameter fle setting was as fol-
lows: digestion of protein trypsin was used with a maximum missed cleavage of 2. 
The fxed modifcation was set as Carbamido-methylation of cysteine (+57.021464 
Da) and variable modifcation was set as oxidation of methionine (+15.994915 Da). 
The false discovery rate (FDR) was set to 1% for the protein and peptide levels. 
Decoy mode was set to “revert”, and the type of identifed peptides was set to 
“unique+razor” (Suvarna et al. 2021). 

3.4 MS-based detection of host and viral proteins 
using COVID-19-infected swab samples 

Recently, MS-based proteomics techniques have been explored for the detection 
of both viral and host proteins. The list of host and viral proteins detected in swab 
samples using MS techniques are shown in Table 3.2. Nikolaev et al. identifed 
around 1,500 proteins in the nasopharynx swabs using an untargeted LC-MS/MS 
approach, out of which nucleoprotein (P0DTC9) from SARS-CoV-2 was detected 
with high confdence (Nikolaev et al. 2020). Akgun et al., using nanoLC-MS, 
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TABLE 3.2 

Summary of Viral and Host Proteins Identifed Using Swab Samples 

Viral Proteins Host Proteins Reference 

P0DTC9 (NCAP_SARS2) Over 1,000 proteins detected Nikolaev et al. 2020 

Not studied Over 207 proteins identifed Akgun et al. 2020 
P05164 (MPO), P24158 (PRTN3), 
P08246 (ELANE), P08311 (CTSG), 
and P20160 (AZU1) 

P0DTC2 (SPIKE_WCPV) Not studied Cardozo et al. 2020 
P0DTC3 (AP3A_WCPV) 
P0DTC4 (VEMP_WCPV) 
P0DTC5 (VME1_WCPV) 
P0DTC7 (NS7A_WCPV) 
P0DTC8 (NS8_WCPV) 
P0DTC9 (NCAP_WCPV) 
P0DTD1; P0DTC1 (R1AB_ 
WCPV; R1A_WCPV) 

P0DTC9 (NCAP_SARS2) Over 1,100 proteins identifed Rivera et al. 2020 
P32455 (GBP1), D7RIG5 (HLA-
DRB1), Q9BX59 (TAPBPL) 

P0DTC9 (NCAP_SARS2), Over 1,256 proteins identifed Maras et al. 2020 
P59596 (VME1_SARS) P20591 (MX1), P23381 (WARS1) 

P0DTC2 (SPIKE_SARS2) P07737 (PFN1), Q16630 (CPSF6) 
P0DTD1 (R1AB_SARS2) P25815 (S100P) 
P0DTD2 (ORF9B_SARS2) 
A0A6H1PRW5 
(A0A6H1PRW5_SARS2) 

P0DTC9 (NCAP_SARS2), Not studied Saadi et al. 2021 
P0DTC2 (SPIKE_SARS2) 

P59596 (VME1_SARS) 

P0DTC9 (NCAP_SARS2), Not studied Singh et al. 2020 
P0DTC2 (SPIKE_SARS2) 

P0DTD1 (R1AB_SARS2)

P0DTC9 (NCAP_SARS2), Not studied Gouveia et al. 2020 
P0DTC2 (SPIKE_SARS2) 

P59596 (VME1_SARS)

P0DTC9 (NCAP_SARS2), P05231 (IL-6), P02741 (CRP), Bankar et al. 2021 
P0DTC2 (SPIKE_SARS2) P00338 (LDHA), P07195 (LDHB), 

P0DTD1 (R1AB_SARS2) P02794 (FTH1), P02792 (FTL), 
P00505 (GOT2), P17174 (GOT1), 
P42224 (STAT1) 

identifed 17 statistically signifcant proteins out of a total of 207 host proteins 
detected in the swab samples. The signifcant proteins such as Neutrophil Elastase 
(ELANE), Azurocidin (AZU1), Myeloperoxidase (MPO), Myeloblastin (PRTN3), 
Cathepsin G (CTSG) and Transcobalamine-1 (TCN1) were identifed to be linked 
to alteration in the innate immune system, specifcally via neutrophil degranulation 
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(Akgun et al. 2020). Cardozo et al. developed a high-throughput targeted pro-
teomics assay to detect COVID-19 nucleoprotein peptides from nasopharyngeal 
and oropharyngeal swab samples. Data-dependent acquisition (DDA) analyses 
revealed around 119 unique peptides belonging to the eight SARS-CoV-2 proteins, 
out of which nucleoprotein (NCAP_WCPV) accounted for 23.5% of the identi-
fed peptides (Cardozo et al. 2020). Rivera et al. detected an average of 1,100 host 
proteins from the infected swab sample. The most abundant proteins detected in 
positive swabs were guanylate-binding protein 1, tapasin, and HLA class II histo-
compatibility antigen DR beta chain. The biological processes altered in infected 
host cells were SRP-dependent cotranslational protein targeting membrane, viral 
transcription and translational initiation and nuclear-transcribed mRNA catabolic 
process, and nonsense-mediated decay (Rivera et al. 2020). Gouveia et al., with 
a 20-minute MS acquisition window, were able to identify and quantify several 
virus-specifc peptides. They pointed out that the peptides ADETQALPQR (and its 
variant forms) and GFYAQGSR from the nucleocapsid protein are of most interest 
for developing rapid, targeted assays (Gouveia et al. 2020). Bankar et al. identi-
fed a few of the host proteins such as interleukin-6, ferritin, l-lactate dehydroge-
nase, C-reactive protein, and aspartate aminotransferase to be upregulated only in 
COVID-19-positive patients using targeted proteomics assay. The enriched path-
ways identifed in the host were neutrophil degranulation, interleukin-12 (IL-12) 
signaling pathways, and mRNA translation of proteins (Bankar et al. 2021). Thus, 
the following studies indicate that MS-detected host proteins have a potential for 
monitoring the disease progression and the panel of these proteins can be used for 
clinical translation. 

3.5 MS-based detection of host proteins using 
COVID-19-infected plasma samples 

Shu et al. performed proteomics analysis of infected plasma of a cohort of COVID-
19 patients, recovered from mild or severe symptoms, and revealed signifcant 
alterations of host proteins. Using a machine learning–based approach, their 
group identifed around 11 proteins as biomarkers that distinguished and predicted 
COVID-19 outcomes. Some of the identifed biomarkers were also validated by 
enzyme-linked immunosorbent assay (ELISA) using a larger cohort. These signif-
cantly altered proteins involved in the pathway, such as immune or infammatory 
responses, platelet degranulation and coagulation, and metabolism, contributed 
to the COVID-19 pathogenesis. Park et al. also performed quantitative proteomic 
analysis using the BoxCar method and revealed that 91 out of 1,222 quantifed pro-
teins were differentially expressed depending on the severity of COVID-19. They 
found around 76 proteins that could be novel prognostic biomarker candidates and 
also identifed the role of neutrophil activation, complement activation, platelet 
function, and T-cell suppression, as well as pro-infammatory factors upstream and 
downstream of interleukin-6, interleukin-1B, and tumor necrosis factor. Messner 
et al. developed an ultrahigh-throughput serum and plasma proteomics system to 
facilitate implementation in regulated clinical laboratories. This low-cost work-
fow handles up to 180 samples per day, enables high-precision quantifcation, and 
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reduces batch effects for large-scale studies. Using such technology, they identi-
fed around 27 potential biomarkers depending on the WHO severity grade of 
COVID-19. This includes complement factors, the coagulation system, infam-
mation modulators, and pro-infammatory factors upstream and downstream of 
interleukin-6. The host proteins detected in several studies are summarized in 
Table 3.3. 

TABLE 3.3 

Summary of Host Proteins Identifed Using Plasma/Serum Samples 

Host Proteins Dominant Pathways Reference 

Over 860 proteins detected 
Upregulated proteins (severe): 
ORM1, ORM2, S100A9, CRP, 
AZGP1, CFI, SERPINA3/ACT, and 
LCP1/LPL 

Downregulated proteins (severe): 
FETUB, CETP, and PI16 

Over 1,222 proteins detected 
Upregulated proteins (severe): 
CRP, SAA1, CFB, Coflin-1 CFL1, C2, 
LRG1, APOC1, and TF 

Over 297 proteins detected: 
A1BG, ACTG1, ALB, APOA1, 
APOC1, C1R, C1S, C8A, CD14, 
CFB, CFH, CFI, CRP, FGA, FGB, 
FGG, GSN, HP, ITIH3, ITIH4, LBP, 
LGALS3BP, LRG1, SAA1, SAA1; 
SAA2, SERPINA10, and TF 

Over 517 proteins detected 
Upregulated in severe: 
PRTN3, LCN2, CD24, BPI, CTSG, 
DEFA1, DEFA4, MMP8, MPO, 
AGT, FBLN5, NID1, SERPINB1, 
HRG, VWF, S100A8, S100A9, 
SAA1, SAA2, and FGG 

Over 894 proteins detected 
Upregulated proteins: 
APOA1, APOA2, APOH, APOL1, 
APOD, and APOM; SAA1, SAA2, 
SAA4, CRP, SERPINA3, SAP/ 
APCS; ORM1, C6 

Downregulated proteins: 
PPBP, PF4 

Over 493 proteins detected: 
SERPINA1, SERPINA3, 
SERPINF2, CPB2/TAFI, 
CFH, CFI, CST3, DEFA1, LRG1, 
LYZC, HBA and HBB, and CA1 

Infammation, immune cell 
migration and platelet 
degranulation, complement 
system, coagulation cascades, 
and energy metabolism 

Neutrophil activation, 
complement activation, 
platelet function, and T-cell 
suppression 

Complement factors, coagulation 
system, infammation 
modulators, and pro-
infammatory factors upstream 
and downstream of interleukin 6 

Neutrophil degranulation, vessel 
damage, platelet activation and 
degranulation, blood 
coagulation, and acute-phase 
response 

Dysregulation of macrophage 
and lipid metabolism, platelet 
degranulation, complement 
system pathways, and massive 
metabolic suppression 

Complement and coagulation 
cascades, immunoglobulins and 
antimicrobial enzymes, markers 
of hemolysis and cell lysis 

Shu et al. 2020 

Park et al. 2020 

Messner et al. 2020 

Overmyer et al. 2020 

Shen et al. 2020 

D’Alessandro et al. 
2020 

(Continued) 
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TABLE 3.3 (Continued) 

Host Proteins Dominant Pathways Reference 

Around 307 signifcant protein 
changes were observed in the 
transition from healthy donors to 
COVID-19 mild infections 

Around 1,200 proteins detected: 
SERPINA4, serum amyloid 
P-component (APCS), Protein 
S100-A8 (S100A8), FGG, 
SERPINA6, and SERPINA3 

Around 323 proteins detected: 
Upregulated proteins: 
DBH, SHGB, TF, ICAM2, THBS1, 
and C1RL) 

Downregulated proteins: 
APCS and ORM1 
Upregulated proteins (mild versus severe) 
IREB2, GELS, POLR3D, PON1, and 
ULBP6 

Upregulated proteins (critical) 
Gal-10, myoglobin, ASGR2, COPE, 
and VSTM4 

Around 894 proteins identifed 
Upregulated proteins: 
CK2, SYK, JAK3, TYK2, and IL-12 

Longitudinal study 
Upregulated proteins (indicator of 
poor prognosis) 

AGT, B2M, C1R, CFD, SERPINA3, 
CRP, CST3 

Downregulated proteins (indicator of 
poor prognosis) 

AHSG, HRG, PLG, and ITIH2 
Longitudinal study 
Downregulated proteins (early time 
point): 

CRP, SAA1, CD14, LBP, and 
LGALS3BP 

Upregulated proteins (later time course): 
APOH, FN1, HRG, KNG1, PLG 
APOA1, APOC1, APOC2, APOC3, 
PON1 

Longitudinal study (COVID-19 
survivors and non-survivors) 

Upregulated in survivors: 
AHSG, FETUB, HRG, KNG1, 
ITIH1, and ITIH2 

Sharp difference between mild 
and moderate cases is observed 
in peripheral immune cells 

Regulation of peptidase activity, 
regulated exocytosis, blood 
coagulation, complement 
activation, leukocyte activation 
involved in immune response, 
and response to glucocorticoid 
biological processes 

Complement system activation, 
infectious disease processes, 
and natural killer cell-mediated 
cytotoxicity 

Complement activation, blood 
coagulation, antimicrobial 
humoral response, acute 
infammatory response, and 
endopeptidase inhibitor activity 

Hyperactive T-cell and B-cell 
signaling, compromised innate 
immune response, and 
dysregulated infammation, 
coagulation, metabolism, RNA 
splicing, transcription and 
translation pathways 

Age-specifc molecular response 
to COVID-19 involving 
increased infammation and 
lipoprotein dysregulation in 
older patients 

Enzymatic activity, regulation of 
plasma protease inhibitors, 
coagulation factors, and the 
complement system 

Not studied 

Su et al. 2020 

Suvarna et al. 2021 

Liu et al. 2021 

Flora et al. 2021 

Kaneko et al. 2021 

Demichev et al. 2020 

Geyer et al. 2021 

Völlmy et al. 2021 
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Recently, many researchers have also focused on the longitudinal collection of 
the blood samples from the COVID-19 patients at different time points. The longi-
tudinal study of the COVID-19-infected patients during different stages of disease 
progression might give us essential clues on host immune response at an individ-
ual level. Demichev et al. studied the time-dependent progression of COVID-19 by 
collecting plasma samples at 687 sampling points from a cohort of 139 hospital-
ized patients. They identifed around 113 proteins and 55 diagnostic parameters 
that were dysregulated in the severe patients. These proteins were found to be 
mediators of infammation, complement cascade, and include several apolipopro-
teins (Demichev et al. 2020). Völlmy et al. also compared the plasma proteome of 
COVID-19 survivors and non-survivors at different time points. They identifed 
key proteins such as AHSG, FETUB, HRG, and KNG1 to be upregulated in the 
survivors. Such a panel of proteins may aid in the prediction of mortality risk 
(Völlmy et al. 2021). Further to this work, Geyer et. analyzed 458 longitudinal 
serum samples from the COVID-19-infected patients. Their work revealed that the 
proteins such as CRP, SAA1, CD14, LBP, and LGALS3BP were downregulated 
in the early time course of infection. The regulators of coagulation (APOH, FN1, 
HRG, KNG1, PLG) and lipid homeostasis (APOA1, APOC3, PON1) were upreg-
ulated during the disease progression (Geyer et al. 2021). Such studies provide 
comprehensive information by identifying key marker proteins for the prediction 
of disease outcomes as well as provide the knowledge for personalized therapy. 

3.6 Conclusions 

The strength and advantages of MS techniques can be utilized for the in-depth 
understanding of the COVID-19 pandemic and pathogenesis. Currently, there 
are several challenges in the application of MS-based technology in the clinical 
setting. Most of the MS instruments are high cost to obtain and maintain in the 
clinics for high-throughput screening of infectious samples. Hence, the develop-
ment of portable MS can be important for clinical application and the potential for 
remote screening (Mahmud and Garrett 2020). With improved sensitivity, minia-
turized MS can have multiple benefts and applications in COVID-19 as well as 
other disease outbreaks. Recently, multiplex assays have gained increasing interest 
for the detection of a panel of proteins that can diagnose and distinguish multiple 
infections. Researchers have already started exploring the use of such an assay 
for COVID-19 biomarker discovery. Gisby et al. used Olink proximity extension 
immunoassays for plasma and serum proteomics measurements. The multiplex 
immunoassay was used to measure 436 proteins from the longitudinal samples col-
lected from the infected patients (Gisby et al. 2020). Haljasmägi et al. performed a 
longitudinal study of 92 infammation-related plasma protein biomarkers using the 
Proximity Extension Assay technique. This study identifed the early infammation 
and apoptotic pathways in the COVID-19 severe patients (Haljasmägi et al. 2020). 
Thus, in addition to the high-throughput MS techniques, the multiplex platform can 
also be explored for rapid clinical translation and it might be benefcial for studying 
the multiple infections in an individual. 
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Q1 – First quadrupole 
Q3 – Third quadrupole 
QC – Quality control 
RDT – Rapid diagnostic test 
RT-PCR – Reverse transcription polymerase chain reaction 
RT-PCR – Reverse transcription polymerase chain reaction 
SARS-CoV-2 – Severe acute respiratory syndrome coronavirus 2 
SEPRING1 – Serpin family G member 1 
SERPINA3 – Serpin family A member 3 
SRM – Selected reaction monitoring 
SWATH – Sequential window acquisition of all theoretical mass spectra 
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4.1 Introduction 

4.1.1 The pandemic 

With the release of the complete SARS-CoV-2 viral genome sequence, highly sensitive 
RT-PCR assays were established and brought into mainstream diagnostics (Zhu et al. 
2020; Ren et al. 2020). Although this technique is the gold standard to confrm SARS-
CoV-2 infection, the high demand and expensive reagents limit its application for large-
scale screening. More sophisticated and faster RT-PCR assays were also introduced and 
used (van Kasteren et al. 2020; Dramé et al. 2020). Various antibody-based rapid diag-
nostic tests (RDTs) and immunoassays were also developed (van Elslande et al. 2020; 
Vandenberg et al. 2020). Although these tests were not as accurate as RT-PCR tests, 
they offered plausible alternatives for large-scale screening (Chaimayo et al. 2020). 
While the RDTs and immunoassays are simple, rapid, and reasonably sensitive, they 
simultaneously face many technical challenges. First, these assays are highly depen-
dent on the purity and activity of the antibody being used. Immunoassays are prone to 
interference and cross-reactivity, leading to erroneous results. In contrast, the targeted 
MS-based proteomics assays offer superior alternatives (Cardozo et al. 2020). For the 
sake of simplicity, in this chapter, the MS-based targeted proteomics assays have been 
generally termed as targeted proteomics (TP) unless mentioned otherwise. 

TP approach, in the feld of diagnostics, is not unprecedented. It has been in 
use for the routine monitoring of well-known clinical biomarkers. One example 
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is thyroglobulin as a tumor biomarker in serum samples (Hoofnagle et al. 2008). 
There are various other examples in which selected reaction monitoring (SRM) 
methods for detecting biomarkers specifc to prostate cancer, lung cancer, ovarian 
cancer, breast cancer, etc., were developed (Huillet et al. 2012; Henderson et al. 
2017; Park et al. 2020). 

4.1.2 Comparing targeted proteomics and 
discovery-based proteomics 

Proteomics approaches can be broadly classifed into two types: discovery-based 
proteomics and TPs. Shotgun proteomics can be considered analogous to count the 
total number of balls in a ball pit, ordering and categorizing them with respect to 
their characteristics to get a bigger picture. Meanwhile, one studies and compares 
a few selected balls picked from the ball pit in targeted analysis. Both start with 
essentially similar experimental strategies. The biological samples are homoge-
nized and proteins are extracted. These are further separated using chromatog-
raphy and subsequently analyzed on mass spectrometers. The primary difference 
between both techniques is how the ions are detected and the type of data being 
acquired. Discovery-based proteomics involves scouring through the entire pro-
teome or the part of it that is feasible by the instrument. Using discovery approaches 
is good to explore an unknown or a relatively new pathway/disease/organism. On 
the other hand, targeted analyses are suitable for hypothesis-driven work with more 
straightforward data analysis steps. The interpretation of targeted data is fairly easy 
as it does not require complex bioinformatics. 

In terms of sensitivity and reproducibility, an adequately optimized TP technique 
like SRM or PRM (details in further sections) will give better results. Here, we are 
instructing the instrument to look for specifc proteins. The focus, therefore, will be 
on these proteins that we are interested in studying, resulting in increased sensitiv-
ity and reproducibility of the technique. This forges a way to detect low abundant 
proteins (Marx 2013). This is not the case in the data-dependent acquisition (DDA) 
based discovery approach, where there are lesser chances of reproducibility between 
labs, experiments, and runs (Bell et al. 2009; Tabb et al. 2010; Bruderer et al. 2015). 

4.1.3 The Triple Quadrupole mass spectrometer 

It can be unarguably said that the feld of mass spectrometry–based targeted pro-
teomics has been possible because of the pioneering work on the workhorse Triple 
Quadrupole. As the name suggests, a Triple Quadrupole (TQ) mass spectrometer 
has three quadrupoles; the frst and third quadrupoles act as “mass flters” while 
the second one acts as a collision cell. We refer to the quadrupoles as “mass flters” 
as they can allow ions having specifc m/z values to pass through, hence in a sense 
“fltering the ions”. 

The instrument was developed in the late 1970s and has witnessed seminal improve-
ments over the years. The small molecule industry has heavily utilized the instrument. 
They worked alongside the instrument manufacturers to increase the instrument’s eff-
ciency and reproducibility. Before it was employed in proteomics-based approaches, 
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TQ was primarily used to identify and quantify drug standards and drug metabo-
lites in blood samples. Noticing the immense potential of the instrument, researchers 
started exploring its applications in the feld of proteomics. One of the frst groups 
working on TPs developed a very selective assay to detect peptides from biological 
tissue (Desiderio and Kai 1983). With simultaneous improvements in the feld of mass 
spectrometry, especially the development of ESI and liquid chromatography, mass 
spectrometry became more reliable for targeted peptide analysis (Fenn et al. 1989). 

4.1.4 The gold standard 

The gold standard in targeted techniques is selected reaction monitoring (SRM) or 
multiple reaction monitoring (MRM). Originally introduced in 2011, the technique 
utilizes a TQ to monitor and quantify the targeted peptides from a protein mixture 
(Zhang et al. 2011). The target peptides are monitored using a list of transitions. 
Transitions are a set of peptides (precursor) ion m/z and fragment (product) ion 
m/z. The concept might seem similar to any antibody-based immunoassay, where 
information related to the target protein is a prerequisite, and many studies have 
pointed out that antibody-based assays are more sensitive when monitoring the 
levels of a few proteins (Marx 2013). However, the accuracy of an immunoassay 
often depends on the purity and specifcity of the antibody being used, which could 
otherwise yield erroneous results. Furthermore, antibody-based assays are not easy 
to scale up. Many factors like the availability of antibody for the target selected 
and whenever antibody is present, antibody quality, sensitivity, and cross-reactivity 
need to be considered. On the other hand, the SRM experiments can effciently 
monitor tens or hundreds of proteins in low sample volumes (Reiter et al. 2011; 
Kopylov et al. 2013; de Graaf et al. 2011). Once an optimized method is made, the 
process is swift and effcient and can be easily applied for high-throughput analy-
ses. The workfow can easily be followed by researchers, quickly automated, mul-
tiplexed, and readily translated to clinical settings. Various studies have reported 
an extensive assessment to check for the robustness and reproducibility leading to 
better transferability of this assay (Addona et al. 2009; Sherman et al. 2009). 

4.1.5 Other targeted techniques beyond targeted proteomics 

With the advent of newer technologies, a few other targeted MS techniques have 
also come into existence. Here, we discuss parallel reaction monitoring (PRM) and 
sequential window acquisition of all theoretical mass spectra (SWATH). 

PRM or sometimes called high-resolution MRM uses the same concept as MRM, 
but it monitors the target ions at higher resolution mass analyzers (for example 
Orbitrap). Here all possible fragments of the target peptides are monitored by the 
instrument. SWATH is a data-independent acquisition (DIA) technique. Here, the 
target peptides are fragmented and the resulting ions are monitored in a systematic 
manner across the mass range. This technique, hence, supports the quantitative 
analyses of peptides (which cover thousands of proteins) with very high accuracy. 
Figure 4.1 represents this primary difference in the three TP techniques. Refer to 
Box 4.1 for a comparative explanation of the three MS techniques. 
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FIGURE 4.1 Representation of principle of targeted proteomics approaches used for detection 
of target peptides. (a) Schematic for SRM/MRM. Peptides after separation in liquid chromatogra-
phy are subjected to two steps of mass selection. Targeted precursor ions after getting selected in 
the frst quadrupole (Q1) get fragmented in the collision cell followed by the selection of product 
ions in the third quadrupole (Q3). (b) Schematic for PRM. Peptides are subjected to only one 
step of selection where target precursor ion is selected in Q1 and gets fragmented in the colli-
sion cell and all resulting fragment ions are parallelly monitored. (c) Schematic for SWATH-MS. 
First mass analyzer in SWATH-MS is a quadrupole and the second can be time of fight (ToF) or 
Orbitrap. In the beginning, all peptides eluting at a given time are detected in MS1 scan which is 
followed by a sequence of MS2 scans depending upon the size of the isolation window. Here fve 
different precursor ions are shown which are monitored in MS1 scan. For MS2, all the precursor 
ions falling within the window of ~25 m/z are sequentially detected. Continuous MS1 and MS2 
scans generate data corresponding to all precursors and product ions. 

BOX 4.1 SRM/MRM, PRM, AND SWATH 

Let us dive deeper into the workings of these three types of targeted tech-
niques by comparing their various pros and cons. 

SRM/MRM: An MRM experiment is known to be highly reproduc-
ible and precise. When coupled with heavy labeled peptides as 
internal standards, the technique is highly specifc and can be used 
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for absolute quantifcation. This gold standard in TPs has its demer-
its. To start with, the prerequisites for the setup are quite tedious. 
Precursors and fragments that can be detected without interference 
from one another need to be selected and hence, the optimization 
takes some time. This also leads to the limited number of proteins 
or peptides that can be analyzed in one MRM assay. 

PRM: Like MRM, PRM also shows high reproducibility and preci-
sion and when coupled with labeled peptides spiked into samples, it 
can be used for absolute quantifcation easily. It requires quite some 
effort for the setup and the resulting data analysis is also similar to, 
if not more complex than MRM. One major beneft here is that for 
a given precursor, all the possible fragments can be monitored in 
one go. In cases when our discovery data is from a high-resolution 
instrument, PRM is benefcial to use. It utilizes the same mass ana-
lyzer leading to a better correlation between discovery and targeted 
data. Also, PRM is slightly more convenient for developing assays 
for quantifying proteins and peptides than MRM. It is also more 
suited for the quantifcation of multiple proteins in a complex sam-
ple with attomole-level detection. 

SWATH: The major beneft of this DIA method is the minimal opti-
mization or setup before data acquisition. The only prerequisites 
are the m/z values in windows for MS1 and MS2. It has better data 
coverage than both SRM and PRM. In terms of reproducibility and 
sensitivity, this wide range of peptides being covered can lead to 
complications because of interference. Also, the analysis of the 
acquired data is the most complex among the three, because of 
the complex nature of the data as well as the analysis pipelines to 
follow. 

4.2 How is a targeted proteomics experiment performed? 

One of the most important aspects of carrying out a targeted proteomic experiment 
is having prior knowledge of the target proteins, their peptides, and post-translational 
modifcations (PTMs) if any. These experiments need to be well thought out and 
planned for their perfect execution. This includes designing the experiment (which 
involves deciding on the transitions to be monitored and method preparation), ini-
tial data acquisition (preferably using pooled samples), data analysis for optimiza-
tion of the method and refnement of the transition list based on the acquired data, 
and optimization of cycle time and dwell time followed by the fnal data acquisition 
and analysis using the individual samples. One of the most widely used software 
for conducting a TP experiment in the proteomics community is Skyline (MacLean 
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et al. 2010; Pino et al. 2020). It can be used to design any targeted experiment, 
and then to analyze and visualize the results. It can also be used for conducting 
Metabolomics and Data Independent Acquisition (DIA) experiments. 

4.2.1 Designing the experiment 

The frst step in designing the experiment is creating “Transition Lists”. A transi-
tion list contains the list of the peptides of the target proteins, and the transitions 
(precursor and product ions in MRM and only precursor ions in PRM). This transi-
tion list needs to be refned keeping in mind the following points. 

• Selecting target proteins 

• Selecting the best representative peptides of protein. The target peptides 
must include the following: (i) Proteotypic peptides—the best fying pep-
tides per protein; (ii) Quantotypic peptides—unique peptides per protein 
that represent the level of protein (Worboys et al. 2014). 

• Selecting optimal transitions per peptide 

4.2.2 Data acquisition 

For this part of the experiment, the samples are prepared, followed by MS-MS 
analysis. One can use the appropriate method of protein extraction for their respec-
tive sample in question. The extracted protein can be further digested and desalted 
for the LC-MS/MS runs. 

4.2.3 Data analysis 

Once data acquisition is completed, the experiment results in the generation of .raw 
fles. These raw fles can now be imported to Skyline and analyzed. The process of 
identifying the right peak of the target peptide is called Peak Annotation and is the 
most crucial part of data analysis of an SRM/PRM experiment. Several parameters 
should be considered while annotating peaks: 

A. Co-elution of transitions: All the transitions of a peptide must co-elute. 

B. Intensity of the peak: The most intense peaks must be chosen as they are 
more probable to be corresponding to the target peptide. Also, the peak 
should be well distinguished from noise signals, if any. 

C. Shape of the peak: The peaks should be forming a proper Gaussian shape. 
It is usually helpful to look for the characteristic peak shape. 

D. Retention time prediction: Skyline can be used to predict the time point at 
which the target peptide would most likely elute. This predicted retention 
time can hence be used to identify the peak. 

E. Comparing with spectral library: If you have built a spectral library, then 
that can also be very instrumental in identifying the best peak (and hence 



 

   

 

 

 
 
 
 
 
 
 

 

 
 

 
 
 

64 Multi-Pronged Omics Technologies to Understand COVID-19 

the target peptide). A dot product depicts the match of your target peptide 
spectra with the reference peptide in the library spectra. The greater the 
dot product, the greater the resemblance between the target peptide and 
the reference peptide. 

F. Using synthetic peptides: Synthetic peptides labeled with a heavy isotope 
can be used to confrm the peak identifed is of the right peak. 

4.2.4 Ensuring good-quality data 

During a targeted experiment, it is essential to ensure that the generated data is 
unbiased and reproducible. Quality control steps are important, and some stan-
dard samples should be run at regular intervals of the experiment. This could be 
done by monitoring a set of optimized peptides from a pure protein or a heavy 
labeled synthetic peptide spiked into the samples. The selected peptides should 
be tested to give a consistent response for the experimental setup. Figure 4.2a 
represents one peptide of bovine serum albumin (BSA) being used for quality 
check across fve days. Similarly, Figure 4.2b shows the use of a heavy labeled 
synthetic peptide as spiked in standard to check the quality of response across 
various samples. 

4.2.5 MRM assay for routine clinical analysis 

Targeted proteomic assay that can be used for clinical applications involves several 
other checkpoints after method development. These checkpoints defne whether 
the targeted experiment can actually be used as a routine clinical assay. First, it is 
of utmost importance that the developed method is highly selective. The matrix 
of the samples to be analyzed should not interfere or give false positives. Next, 
to determine in which range quantifcation can be done, synthetic peptides of the 
target peptides are run at different concentrations and calibration curves plotted. 
The limit of detection and limit of quantifcation are determined. Running several 
replicates of the samples with known concentration of analyte and synthetic pep-
tide spiked-in also helps in determining the accuracy and precision of the method. 
The last checkpoint is the stability of these chosen peptides over longer duration 
of time in the sample of interest. The samples with known analyte are stored and 
monitored at different time points to check for the effect on quantifcation values. 
Thus, optimized and scrutinized targeted method—usually an MRM assay—can 
be tested on clinical samples. 

Andy Hoofnagle and his team developed such a method for quantifcation 
of thyroglobulin in serum of cancer patients as early as 2008 (Hoofnagle et al. 
2008). This assay detects and quantifes three peptides of the protein thyroglobu-
lin and determines whether the patient needs further therapy. Recently, another 
such assay has been developed for breast cancer tissue samples. This assay is a 
more sensitive method of detecting whether a patient is HER2 positive (Kennedy 
et al. 2021). 
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FIGURE 4.2 Quality control checkpoints during an MRM experiment. (a) BSA peptide as instrument QC. Representative peptide of BSA monitored 
on f ve consecutive days showing uniformity in peak shape, peak areas, and retention times. (b) Heavy labeled synthetic peptide as an internal standard. 
Equal amounts of a heavy labeled synthetic peptide are often spiked into the individual samples to monitor the response of the instrument. A few samples 
of a batch with equal amounts of spiked peptide showing uniform MRM peak shapes, peak areas, and retention times. 
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4.3 Current targeted proteomic studies for 
SARS-CoV-2 and authors’ perspective 

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection has 
spread very rapidly world over, thus exerting huge pressure on the medical system 
(Grossegesse et al. 2020). This pandemic had brought the entire world to a halt, 
infecting around 124 million people worldwide. It forced the scientifc community to 
join hands and work together toward developing better prognostics, diagnostics, and 
treatments for the disease. The proteomics community has contributed immensely 
toward this pursuit by trying to develop newer and more sensitive methods of virus 
detection. It has also made attempts to understand the overall effect of the virus on 
the human proteome and in turn the human body. Both discovery and targeted pro-
teomic approaches have been utilized for screening and validating the viral peptides 
in clinical samples to help in the diagnosis of active infection. Here, we present some 
of the recent/ongoing TP studies on SARS-CoV-2 virus and COVID-19. 

Researchers have used TP approaches like MRM, PRM, and SWATH-DIA for devel-
oping rapid and highly sensitive methods for the diagnosis of COVID-19. One such 
method has been developed by Singh et al. using MRM approach, which could detect 
two viral peptides, AIVSTIQRKYK and QIAPGQTGK, from proteins Replicase 
polyprotein 1 ab and structural spike glycoprotein, respectively, in a 2.3-minute gradi-
ent with a specifcity of 100% and sensitivity of 90% (Singh et al. 2020). Initially, they 
identifed 22 peptides from four SARS-CoV-2 proteins with a 1% false discovery rate 
(FDR). Out of these 22 peptides, 8 peptides from three proteins (Replicase 1 ab, spike 
glycoprotein, and nucleoprotein) that were unique and unmodifed were selected. A 
short MRM assay was developed using two of these peptides, AIVSTIQRKYK and 
QIAPGQTGK. Around 103 naso-oropharyngeal samples (including 20 control sam-
ples) were analyzed using this method and based on the results obtained, the method 
has a sensitivity of 90.4% and specifcity of 100% to RT-PCR positive samples and 
true controls. A schematic of this work is shown in Figure 4.3a. 

Another group has proposed an assay for the detection of specifc COVID-19 
peptides of nucleoprotein in highly diluted gargle solutions. The method was devel-
oped by a PRM-based targeted acquisition using high-resolution mass spectrome-
try (Christian Ihling et al. 2020). Additionally, a highly sensitive method has been 
reported recently that involves PRM-based assay for the detection of specifc SARS-
CoV-2 proteins in biological samples. Using Orbitrap-based high-resolution mass 
spectrometry, frst a spectral library was generated having seven unique viral pep-
tides belonging to two different proteins: nucleoprotein and spike glycoprotein. The 
two best peptides were selected for developing the fnal assay. The developed assay 
is reported as highly sensitive (with a limit of quantitation of ~390 attomoles with 
a limit of detection of ~200 attomoles) and a specifc method and claimed to be an 
alternative approach to RT-PCR (Cazares et al. 2020). A simplifed representation 
of the same is shown in Figure 4.3b. Similar kind of assay has been developed using 
PRM approach for the detection of two nucleoprotein peptides (GFYAQGSR and 
ADETQALPQR) in COVID-19 clinical samples (Gouveia, Miotello et al. 2020). 
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FIGURE 4.3 Overview of major studies in literature for SARS-CoV-2. (a) Representation of the work done by Singh et al. (2020) to develop a scheduled 
MRM assay for detecting target SARS-CoV-2 peptide in oro-nasopharyngeal samples. Viral proteins were identif ed using data-dependent acquisition (DDA) 
and eight peptides from three viral proteins (spike, nucleoprotein, and Replicase) were taken for MRM assay development. Finally, 103 clinical samples were 
tested against this assay with 100% specif city. (b) Representation of work done by Cazares et al. (2020) for developing a PRM-based method for the detection 
of SARS-CoV-2 in clinical samples. Full-length recombinant SARS-CoV-2 spike glycoprotein (S) and nucleocapsid protein (NP) were digested in an in vitro 
derived human bronchial epithelial mucus background followed by peptide analysis by DDA. Identif ed unique viral peptides were taken for PRM method 
development. Consistent and the best-performing peptides were selected for the f nal application. The mock test sample was prepared by spiking-in of inacti-
vated SARS-CoV-2 virions in mucus and the developed PRM method was used to detect viral peptides in the sample. 
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Moreover, the combined use of MRM and PRM techniques has also been employed 
for developing an assay for SARS-CoV-2 detection. Cardozo et al. developed an assay 
using these techniques that could detect two peptides DGIIWVATEGALNTPK 
and IGMEVTPSGTWLTYTGAIK from the nucleoprotein of SARS-CoV-2 virus 
(Cardozo et al. 2020). An initial PRM run explored 17 peptides belonging to four dif-
ferent proteins. Out of these, nine nucleoprotein peptides were found to be most intense 
and unique, and thus were selected for further analysis. The two most hydrophobic 
peptides DGIIWVATEGALNTPK and IGMEVTPSGTWLTYTGAIK provided the 
best signal intensities, and hence were selected for the development of the assay. They 
eluted within a 2.5-minute gradient (TFC-MS system), enabling multiplexing of four 
samples within 10minutes. Therefore, the system could process more than 500 sam-
ples in 24hours. They validated the assay both qualitatively and quantitatively, using 
985 samples (naso-oropharyngeal swabs) previously analyzed by real-time RT-PCR, 
and detected up to 84% of the positive cases with up to 97% specifcity. 

In search for robust diagnostic methods, scientists are also using targeted pro-
teomics techniques along with other known techniques such as immunoaffn-
ity purifcation. Renuse et al. developed an automated antibody capture-based 
workfow coupled to targeted high-feld asymmetric ion mobility spectrometry 
(FAIMS)-PRM assay for the detection of SARS-CoV-2 viral peptides in nasopha-
ryngeal swab samples (Renuse et al. 2020). The method could detect two peptides 
AYNVTQAFGR and QQTVTLLPAADLDDFSK, both belonging to the nucleo-
protein. Results obtained from discovery experiments using nasopharyngeal swab 
samples from COVID-19 positive patients, recombinant viral protein and purifed 
virus, helped them in choosing four peptides unique to the SARS-CoV-2 nucleopro-
tein for targeted assay development. The fnal assay was developed using the pep-
tides AYNVTQAFGR and QQTVTLLPAADLDDFSK. They created an ensemble 
machine learning–based model for determining COVID-19 positive samples using 
fragment ion intensities in the PRM data after the analysis of 187 samples (116 posi-
tive and 71 negative). The same model was applied to an independent validation 
dataset of 176 samples (88 positive and 88 negative samples). This resulted in 97.8% 
sensitivity and 100% specifcity that is comparative to RT-PCR tests. 

SARS-CoV-2 research has also been performed using the virus cultured in the 
laboratory. A diagnostic method has been reported recently, which involves the 
orthogonal detection of a SARS-CoV-2-specifc peptide of nucleoprotein for test-
ing the viral infection with a very low limit of detection (Bezstarosti et al. 2020). 
Initially, for method development, the experiment was performed with research 
samples in which the SARS-CoV-2 virus was propagated in Vero E6 cells (African 
green monkey cell lines). This virus plus cell (VC) mix was taken for initial shotgun 
proteomics to acquire the information on all viral proteins and peptides present and 
it was found that of the total proteome ~4–5% proteins correspond to the virus of 
which more than 88% was nucleoprotein (NCAP). For the PRM experiment, a serial 
dilution of VC mix from 50 ng to 20 pg was prepared and NP peptides were moni-
tored and one NP peptide AYNVTQAFGR was found to show consistent and conf-
dent results. Further, the method was extrapolated for detecting viral peptides in in 
vitro derived mucus samples spiked in with SARS-CoV-2 stock. The same method 
was also found to be successful in identifying the viral peptides in clinical samples, 
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including swab and sputum samples. Also, the group used a synthetic peptide of the 
same sequence with a heavy isotope labeling and chromatograms were compared 
with viral peptides to confrm the presence of the virus and validate the method. 

Another PRM-based method has been developed using laboratory-generated viral 
samples and applied for clinical samples in which the research group frst synthesized 
113 heavy labeled synthetic peptides corresponding to all possible tryptic peptides of 
11 SARS-CoV-2 proteins. A spectral library was created using DDA and PRM-MS 
data of the synthetic peptide pool covering 98 synthetic peptides. Then supernatant 
from Vero E6 cells infected with SARS-CoV-2 was spiked in with synthetic peptides 
followed by PRM analysis in which 57 out of the targeted 98 peptides were detected, 
which corresponds to fve viral proteins (NCAP—nucleoprotein, VME1—membrane 
protein, SPIKE—spike glycoprotein, ORF9B—protein 9b, and NS8—non-structural 
protein 8). For the fnal assay, 23 peptides were selected and it was tested against two 
diagnostic cohorts of 91 COVID-19 suspects taking their respiratory samples, in which 
nucleoprotein was abundantly detected (Zecha et al. 2020). Shen et al. and his group 
performed the combined proteomic and metabolomic analysis of 46 COVID-19 indi-
viduals to characterize the proteome and metabolome in serum of COVID-19-infected 
patients for identifcation of blood biomarkers for infection severity. A machine learn-
ing–based model was trained using 29 severe and non-severe patients and the test set 
was diagnosed with 70% accuracy. MRM-based targeted approach was used to validate 
the 22 proteins used in machine learning models as classifers for COVID-19 positive 
and negative individuals using 19 infected sera samples (Shen et al. 2020). One group 
has recently reported an in silico method for the selection of unique SARS-CoV-2 pep-
tides for diagnostic purposes. Initially, they took all possible tryptic peptides (496 pep-
tides), followed by sequential removal of the peptides of human origin or those having 
similarity with other microbiomes and those from highly variable regions (Orsburn et 
al. 2020). Finally, they reported 24 putative viral peptides that can be utilized for any 
targeted or diagnostic assay as well as vaccine development. Development of more such 
in silico methods will be benefcial for not just COVID-19 diagnosis but will also help 
in the rapid development of MS-based diagnostics for other infectious diseases. 

Mass spectrometry has also helped in generating high-throughput data for under-
standing the pathogenesis and severity caused by SARS-CoV-2 infection in the host 
body. SWATH-DIA-based mass spectrometric analysis performed on a cohort of SARS-
CoV-2 patients generated comprehensive proteomic data that could identify a large 
panel of differentially expressed host proteins. Majorly affected proteins belong to the 
coagulation system, complement factors, pro-infammatory factors, and infammatory 
modulators (Messner et al. 2020). Recently, a proteomics study has reported an extensive 
analysis of nasopharyngeal swab samples of COVID-19 patients to study the effects of 
viral infection on the host at the molecular level. Several differentially expressed host 
proteins were identifed (l-lactate dehydrogenase, interleukin-6, C-reactive protein, 
aspartate aminotransferase, and ferritin), the expression of which was further validated 
using MRM-based targeted approach (Bankar et al. 2021). A similar study was also per-
formed on plasma samples of COVID-19 individuals to explore the proteomic alterations 
in response to viral infection. MRM-based approach was used for quantitative valida-
tion of differentially expressed host proteins. Few proteins like SERPINA3, AGT, FGG, 
APOB, and SEPRING1 were reported to be overexpressed in COVID-19 positive cases 
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TABLE 4.1 

Summary of Peptides that Have Been Proposed for Viral Detection from Various 
Biological Samples 

Protein Peptides Sample Type Reference 

Nucleoprotein 

Spike 
glycoprotein 

Replicase 
polyprotein 
1 ab 

ADETQALPQR 

GFYAQGSR 

DGIIWVATEGALNTPK 

IGMEVTPSGTWLTYTGAIK 

RPQGLPNNTASWFTALTQHGK 

AYNVTQAFGR 

QQTVTLLPAADLDDFSK 

DQVILLNK 

QIAPGQTGK 

FQTLLALHR 

QIAPGQTGK 

Nasopharyngeal swab Gouveia, Grenga 
et al. 2020 

Naso-oropharyngeal Cardozo et al. 
swab 2020 

Gargle solution Christian Ihling et 
al. 2020 

Nasopharyngeal swab Renuse et al. 2020 

Virus-spiked mucus Cazares et al. 
2020 

Naso-oropharyngeal Singh et al. 2020 
swabs 

Virus-spiked mucus Cazares et al. 
2020 

Naso-oropharyngeal Singh et al. 2020 
swabs 

as per their discovery and targeted proteomics data (Suvarna et al. 2021). Table 4.1 
summarizes studies concerning the peptides being studied and chosen. All these studies 
differ in the approach and targets that were fnalized but give assurance that with proper 
testing and optimizations, mass spectrometry–based TP assays will soon be mainstream 
for diagnosis of COVID-19 infections. 

4.4 Conclusions and future perspectives 

Numerous researchers have used TP techniques like SRM and PRM to develop sev-
eral diagnostic methods for the effective detection of the coronavirus. They have 
identifed viral peptides from clinical samples (nasopharyngeal, oropharyngeal, 
mucous, saliva) that can be used for diagnostic purposes. The identifed viral pep-
tides mostly belong to nucleoproteins, spike glycoproteins, or the Replicase poly-
protein 1 ab of the SARS-CoV-2 virus. Some studies have also shown how their 
methods are more sensitive and specifc than RT-PCR tests or rapid antigen tests 
that are currently being used (Singh et al. 2020). Many proponents point out that 
TP-based diagnostic methods can prove to be more economically feasible and can 
also be used for high-throughput testing, which is the need of the hour. Therefore, it 
would be interesting to see if, in the near future, these peptides (and proteins) can be 
used to develop diagnostic kits for testing the SARS-CoV-2 virus. Until now, most 
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of the researchers have used TPs only to develop methods for detecting the virus. 
However, it must be noted that it can also be used to study the pathogenicity of the 
virus and explore the biology of the host response to the infection (Suvarna et al. 
2021; Bankar et al. 2021). During this pandemic, targeted proteomics has served as 
a complementary to other standard diagnostic and research tools. 
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IS – Internal standards 
KEGG – Kyoto Encyclopedia of genes and genomes 
LAF – Laminar airfow 
LC-(FTIR) 
LC – Liquid chromatography 
MS – Mass spectrometry 
NMR – Nuclear magnetic resonance spectrometry 
PBS-(VTM) 
PBS – Phosphate buffer saline 
QC – Quality control 
RP – Reverse-phase 
SDS – Sodium dodecyl sulfate 
UV – Ultraviolet 
VTM – Viral transport media 

5.1 Introduction 

The term “metabolomics” was frst coined in the late 1990s (Oliver et al. 1998). 
The term refers to the study of all metabolites in a particular organism or system. 
Metabolites are essentially small molecules of various chemical properties, notably 
considered to be <1,000 Da in size, which plays crucial roles in various pathways in an 
organism. Metabolites include amino acids, small carbohydrate moieties, nucleotides, 
and their components nucleosides, lipids, and other biomolecules, involved in all meta-
bolic pathways throughout the central dogma of an organism (Aggarwal et al. 2021). 

Being the intermediates and by-products of several metabolic pathways, metabo-
lites are the immediate broadcasting signals of the physiological condition of a bio-
logical system and therefore making metabolomics a direct functional report to the 
same (Roessner and Bowne 2009). Although metabolites can be extracted from any 
biological specimen such as cellular samples and extracellular biofuids, the latter is 
the one that gives metabolomics an edge regarding the ease of access to specimens 
to be tested, including blood plasma, urine, saliva, sweat, semen, feces, and also 
internal samples like cerebrospinal fuid, bronchoalveolar lavage, amniotic fuid, 
etc. Minimal sample processing, involvement of highly developed as well as always 
advancing high-throughput systems like nuclear magnetic resonance spectroscopy 
(NMR), mass spectrometry (MS), liquid chromatography (LC) along with powerful 
bioinformatics and statistical analytical techniques (Tsutsui et al. 2011; A. Zhang et al. 
2015) add to the credibility and feasibility of performing metabolomics experiments 
at large scale, thereby increasing the reliability of the results (Figure 5.1a). 

5.1.1 Role of metabolomics in disease pathobiology 

Metabolome being the immediate broadcasting signals of the physiological con-
dition, metabolites deem to be early indicators of any change in the organism 
due to diseased or pathological condition (Figure 5.1b). Metabolomics study of 
progressive disease samples may provide critical insights about early prognostic 
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FIGURE 5.1 Metabolomics and its applications. (a) Metabolites–Metabolic pathways– 
metabolomics: schematic of conceptual understanding. (b) Role of metabolomics in disease 
diagnosis, prognosis, and therapeutics—a conceptual illustration (each human icon denotes 
a typical physiological condition/stage; the bar graphs below each condition/stage denote their 
symbolic metabolome profles which can be further used for understanding diagnosis, prognosis, 
or therapeutics). 
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biomarker candidates of severity progression of any disease (A. Zhang et al. 2015). 
When metabolomics is combined with proteomics and transcriptomics profle, a 
clearer, holistic view of the disease biology can be obtained by exhibiting altered 
metabolites and pathways involved in the disease physiological manifestations. 
Metabolomics studies have already contributed to the understanding of several dis-
eases (N. P. Long et al. 2020), like tuberculosis (Preez, Luies, and Loots 2017) and 
malaria (Lakshmanan, Rhee, and Daily 2011; Salinas et al. 2014), shedding light 
on disease mechanism which was unknown otherwise. In malaria hosts, metabo-
lome profling has led to an improved understanding of disease transmission (Joice 
Cordy 2020) and disease pathogenesis (Colvin and Joice Cordy 2020). 

5.1.2 Role of metabolomics in therapeutic 

The advent of high-throughput metabolomics may propel in fulflling the need for 
even robust and personalized biomarkers for several diseases (Trivedi, Hollywood, 
and Goodacre 2017). For example, metabolomics studies have contributed sub-
stantially to tuberculosis treatment research (Luies, du Preez, and Loots 2017). 
Likewise, metabolomics can contribute to therapeutics strategy development in 
many more diseases, including COVID-19. Our metabolome buffers not only the 
alterations caused due to the pathogens we encounter in our day-to-day life but 
also the effect of exposures cast by environmental stress. The study of chemicals 
an individual gets exposed to during his lifetime is known as exposomics. Because 
blood transports chemicals to and from the tissues and represents a reservoir of all 
endogenous and exogenous chemicals at a given time (Nicholson et al. 2012), the 
blood exposomes offer a parsimonious but essentially unexplored means for interro-
gating biologically relevant exposures (Rappaport 2012). The exposome modulates 
and interacts with drug-metabolizing enzymes, xenobiotic-sensing receptors, and 
drug transporters (Pristner and Warth 2020). Such fndings are particularly helpful 
in diseases like cancer and diabetes (Agache et al. 2019). The in-depth knowledge 
of exposomes will thus help in gaining an insight into how exposures affect health 
and thus help in devising strategies to mitigate the adverse health impact. 

5.1.3 Prospects of metabolomics in the field of COVID-19 

Metabolomics can also play a vital role in understanding COVID-19 biology. In 
COVID-19 patients, metabolomics can be performed using samples quite easily and 
peripherally located like nasopharyngeal/oropharyngeal swab, along with blood 
plasma or urine samples that may provide a holistic view of the disease progres-
sion throughout the patient body. A key factor in determining variations in disease 
severity of COVID-19 may be the exposome, or measure of all exposures across an 
individual’s lifetime that consists of environmental toxins, pharmacological treat-
ments, lifestyle, diet, and any other absorbable compound (Naughton et al. 2020). 
The transmission of SARS-CoV-2, the progress, and the outcome of COVID-19 for 
each individual depend on the virus or infection characteristics (e.g., viral load), 
existing comorbidities, and the multitude of exposures in various surroundings 
that belong to the specifc external and internal human exposome domains (Jang, 
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Han, and Rhee 2020; Richardson et al. 2020; Wild 2012). The clinical manifesta-
tions are endogenic changes and can be studied using the various sample types and 
omics technologies, but the exposome also plays a crucial role in determining a 
host response. 

The current inventory of exposomes, the small molecules, and metals associated 
with various diseases can be found in the Blood Exposome Database and Norman 
Network Database. These compounds are not found in the Human Metabolome 
Database (HMDB) as they are not directly produced in any metabolic pathway. 
However, the compounds often appear in blood, either due to the food the indi-
vidual is taking or due to the drugs that are administered to the patient, or the 
environment in which the individual is living. These compounds, on entering the 
body, either affect any of the biological pathways or get degraded, and the degraded 
product, in turn, causes anomalies in the metabolic pathways. With the recogni-
tion of their health signifcance, these chemicals can be routinely monitored for 
clinical interventions such as cholesterol (Shi et al. 2021), folic acid, vitamins, and 
regulated pollutants such as lead, arsenic, benzene, and PCBs (Rappaport 2012). 
Even for the COVID-19 pandemic, the transmission of SARS-CoV-2, the progress, 
and the outcome of COVID-19 for each individual depend on the virus or infec-
tion characteristics (e.g., viral load), existing comorbidities, and the multitude of 
exposures in various settings such as school, home, and work that belong to the spe-
cifc external and internal human exposome domains (Jang, Han, and Rhee 2020; 
Richardson et al. 2020; Wild 2012). Therefore, the application of a comprehensive 
framework of the metabolome with the exposome profle (Figure 5.1b) may lead to 
effective evaluation of public health measures. 

5.2 Overview workflow of metabolomics experiments 

5.2.1 Inactivation strategies for viral load 

Viral inactivation refers to the irreversible inactivation of any potential virus 
present in the sample which is essential to reduce the risk of viral infection 
during sample preparation (Auerswald et al. 2021). Viral inactivation of SARS-
CoV-2 can be achieved by changing the environment of the virus where it 
resides, through chemical (e.g., detergent, alcohol, altering pH, formalin treat-
ment) and physical (e.g., heat, ultraviolet (UV) rays) alteration (Hemati et al. 
2020; Welch et al. 2020; Darnell et al. 2004; Heßling et al. 2020; Hessling et 
al. 2020; Pastorino et al. 2020; Martins et al. 2020; Welch et al. 2020; Shen et 
al. 2020; Patterson et al. 2020; Locher et al. 2020; Rodino et al. 2020; Rogers 
et al. 2020) (Figure 5.2a). 

5.2.2 Sample preparation for metabolome profiling 

The overall workfow for metabolomics analysis includes sample preparation, 
compound separation, compound identifcation, statistical data analysis, and 
data interpretation (Figure 5.2b). The sample must be stored at −80℃ to avoid 
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FIGURE 5.2 Schematic workfow of metabolomics experiment. (a) Physical and chemical strat-
egies of viral inactivation before sample preparation. (b) Schematic workfow of metabolomics 
analysis showing experimental design, sample collection, metabolite extraction, and instrumental 
analysis followed by data analysis and data interpretation. (c) Detailed pipeline for metabolites 
identifcation, annotation, and data analysis. 
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degradation of metabolites (Chetwynd, Dunn, and Rodriguez-Blanco 2017). 
Sample type selection and sample preparation play a crucial role in metabolome 
profling (Gong et al. 2017). Metabolite extraction can be done from various bio-
specimen such as blood plasma, serum, urine, nasopharyngeal swab, oropharyn-
geal swab, saliva, broncho-alveolar lavage (BAL) fuid, sputum, tissue sample, 
and more (Costa dos Santos Junior et al. 2020; Shen et al. 2020; Bernatchez and 
McCall 2020; Maras et al. 2020). Metabolite extraction being the major bottleneck 
of untargeted metabolome profling aims to effectively extract enriched metabo-
lites without other interfering agents such as high molecular weight proteins and 
salts (Álvarez-Sánchez, Priego-Capote, and Luque de Castro, 2010). Direct injec-
tion of biofuids for metabolome analysis reduces the metabolite loss; however, 
the presence of salt and protein may hinder the spectral data and may give false-
negative results. Therefore, it is necessary to desalt and deproteinize samples 
before injecting them for further analysis (Álvarez-Sánchez, Priego-Capote, and 
Luque de Castro, 2010). Methanol and acetonitrile can be used as desalting and 
deproteinizing agent during metabolite extraction (Jain, Li, and Chen 2019; Amir 
Hashim et al. 2020). However, the extraction steps and choice of organic solvents 
should be based on the biospecimen. Fluid biospecimens involve minimal steps 
for metabolite extraction, which includes the addition of organic solvents (e.g., 
methanol, ethanol, chloroform, acetonitrile, or acetone) at different temperatures 
for the separation of polar and non-polar components, protein precipitation, and 
to concentrate sample as per the requirement (Figure 5.2a) (Álvarez-Sánchez, 
Priego-Capote, and Luque de Castro, 2010). In the case of plasma samples, protein 
precipitation done by the addition of chilled methanol and supernatant is collected 
for the MS analysis (Shen et al. 2020). Miller et al. reported that direct injection 
of urine samples can be done in MS for metabolome profling (Miller et al. 2019). 
However, Bernatchez et al. reported tissue/cell-based biospecimens to require 
homogenization of the sample before proceeding for the metabolite extraction step 
(Bernatchez and McCall 2020). 

Extracted metabolites from various biospecimens should be stored immediately 
after extraction in liquid or dry form at −20℃ or −80℃ for future measurements 
(Sauerschnig et al. 2017). Identifcation and quantifcation of extracted metabolites 
can be analyzed by using various analytical techniques such as NMR spectroscopy 
and MS. 

5.2.3 Instrumental setup 

Recently, various analytical techniques have been evolved for metabolome 
profling which includes FTIR, Raman spectroscopy, NMR spectroscopy, and 
MS (Figure 5.2b) (Segers et al. 2019; Mahmud and Garrett 2020; Instituto 
Tecnológico de Aguascalientes and Sánchez-Brito, 2020). Mass spectrometry 
is usually coupled with high-performance liquid chromatography (HPLC-MS) 
or gas chromatography (GC-MS) (Zeki et al. 2020). LC-MS is generally used 
to detect and identify medium polar to polar compounds, whereas GC-MS is 
mainly used to identify non-polar and volatile metabolites (Zeki et al. 2020). 
The separation of analytes depends on the column length, diameter, particle 
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size, stationary phase, mobile phase, and column temperature. Column selection 
should be made based on the widest coverage for the screening of more number 
of unknown compounds which requires prior knowledge on the target analyte 
type (Gough, Bahaghighat, and Synovec 2019). The separation of analyte is 
mainly based on the hydrophobic and hydrophilic nature of the compound. C18 
column and hydrophilic interaction liquid chromatography (HILIC) column are 
mainly used for the separation of hydrophobic compounds by reverse-phase (RP) 
and hydrophilic compounds, respectively (Schwaiger et al. 2019; Rampler et al. 
2018). However, a mixed-mode column is now being used for the wide range 
coverage of both hydrophobic and hydrophilic metabolites. The selection of the 
mobile phase also plays a key role in the separation of metabolites (Maras et al. 
2020; Shen et al. 2020). In RP chromatography, polar solvents (e.g., methanol, 
acetonitrile) are used as the mobile phase. Hydrophobic analytes are attached to 
the stationary phase and hydrophilic analytes pass with the mobile phase and 
elute frst. Blank samples (i.e., all the organic solvents except biospecimen) are 
injected before the sample run to remove background compounds coming from 
organic solvents (Shen et al. 2020). 

LC-MS is highly sensitive and can identify a wide range of metabolites from 
each sample (Zheng et al. 2020; Doğan et al. 2020). MS1 is used for the quantif-
cation of the metabolites, and MS/MS is used for the identifcation of the metab-
olites. Generally, protonated analytes are detected in the positive ion mode, and 
deprotonated analytes are detected in the negative ion mode (Yuan et al. 2012). 
However, for metabolite quantifcation purposes, it requires more time than the 
NMR setup. 1H NMR (proton NMR) mainly provides compound quantifcation 
more precisely. The spectral peak obtained for one metabolite is proportional 
to the concentration of the metabolites in the sample. NMR also provides struc-
tural information about the metabolites (Snytnikova et al. 2019; Beckonert et 
al. 2007; Costa dos Santos Junior et al. 2020). However, NMR is less sensitive, 
and the total number of metabolites obtained from the NMR spectroscopy is 
very less in comparison to the metabolites obtained from LC-MS analysis. To 
eliminate false discoveries, it is critical to have multiple control runs (e.g., blank, 
standard mixtures) and quality control (QC) check steps (e.g., QC pools, internal 
standard) (Godzien et al. 2015). 

5.2.4 Quality control check 

An experiment is not valid without a QC check. Metabolomics being highly 
dynamic makes it prone to errors; hence, multiple QC steps such as (1) QC pools; 
(2) internal standards (IS); (3) correlation plots are involved in the experimental 
setup to check the sample run and data quality. 

a. QC pools: These are prepared by pooling equal volumes of all samples 
in a given experiment to monitor the instrumental variability and batch 
effects (Godzien et al. 2015). Generally, QC pools should be run in 
between each fve-sample run. Internal standards are administered with 
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the sample to check various sample preparation variability, instrument 
variability, and used as a data QC check (Hewavitharana 2011). 

b. Internal standard: IS selection should focus on these main criteria: (1) it 
should not be present in the sample or does not occur naturally or syn-
thetic isotopically labeled one; (2) it should not hinder the detection of 
other compounds present in the sample; (3) concentration of IS should be 
comparable to that of the other metabolites; (4) it should be identifed in 
every sample; (5) it should show similar intensity in each sample (Boysen 
et al. 2018; Stokvis, Rosing, and Beijnen 2005). Ideally, two ISs should be 
used in case of sample preparation, one at the starting of the metabolite 
extraction to monitor sample preparation variability and the other one just 
before injecting sample in the instrument to check the instrument sample 
run variability (Stokvis, Rosing, and Beijnen 2005; Shen et al. 2020). The 
percentage of coeffcient of variation (CV) of ISs in replicates of each 
sample is calculated to check the data quality. CV % of the IS should be 
below 20–30% in each sample and also in QC pools. Day-wise CV % 
should be calculated as part of the QC check to track the batch variation 
(Shen et al. 2020; Maras et al. 2020). 

c. Correlation plots: A correlation matrix between the different cohorts 
of samples and QC pools should be plotted to determine the correlation 
among the samples. 

d. Blank or background subtraction: Contaminants from chemicals (such as 
organic solvents used in the mobile phase during the sample run) may give 
false-negative results during data analysis. These chemical interferants 
can be removed from data by background subtraction and normalization 
from the blank injections during the sample run to avoid misinterpretation 
of the data (Caesar, Kvalheim, and Cech 2018). Background subtraction 
can be software-based (e.g., Compound Discoverer) or manual checking 
of the raw value trend of identifed signifcant metabolites in blank sam-
ples (Cerrato et al. 2020). 

Endogenous metabolites present in QC pools can also be monitored to check the 
experimental variability. Primary metabolomics data analysis includes metabo-
lite identifcation/quantifcation, chromatographic peak alignment, prediction of 
the composition of the compound, database searching against different databases 
(e.g., Human Metabolome Database [HMDB], Kyoto Encyclopedia of Genes and 
Genomes [KEGG], BioCyc), mass spectrum visualization, and statistical analysis 
(Gorrochategui et al. 2016). 

5.2.5 Metabolite identification and statistical analysis 

Metabolomics data analysis workfow can be implemented for two widely used 
non-targeted metabolomics modalities: (a) to transform the small molecule data 
into known compounds and (b) molecular pathways. This involves compound iden-
tifcation, determines real differences between samples, and elucidates biological 
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pathways with integrated, using powerful software, workfows of software such as 
Galaxy, Compound Discoverer, and more. 

In the case of LC-MS, there is a single .mzMLraw fle for each sample. As the 
frst step of processing, another workfow tool XCMS-Basic-Birmingham-Pipe is 
used for the current implementation. It reads in the individual spectra and aligns 
the spectral features across the samples using the R-package XCMS, returning 
three .csv fles containing the X matrix, flenames, and m/z values, respectively. 
For further processing, data is converted to DSO format using create DSO that 
combines the X data matrix fle with row and column label information and class 
labels describing whether each sample is biological or blank, blank fltering that 
removes the samples that appear strongly in the blanks, and sample fltering that 
removes unreliable peaks (Figure 5.2c). Another freely accessible online tool, 
Mummichog, is a free Python program that enables one to organize metabolic 
networks to predict functional activity directly from feature tables, bypassing 
metabolite identifcation. Thus, high-quality hypotheses can be quickly gener-
ated from an LC-MS data table. 

To manipulate the DSO structure, workfows such as “set include”, defne the 
“include” fag variable for either samples or m/z. “Add class list” appends a list of 
sample groupings or classifcations, “get class list” extracts either the text labels 
or integer representation of any class list in the DSO, “get peak list” extracts the 
m/z values and average peak intensities from the DSO, “get X matrix” extracts 
the data (X) matrix as a .csv fle, and “get axis scale” extracts the values stored in 
the “axis scale” variable of the DSO. To prepare the X data matrix for statistical 
analysis tools, normalization, missing values imputation using a KNN algorithm, 
and log transformation to stabilize the technical variance across all peaks are used 
(Figure 5.2c). 

Once the pXn matrix is obtained in the form of excel or csv format, platforms 
like MetaboAnalyst R are used to carry out fold change tests, t-test, volcano 
plots, and also for plotting correlation heat maps. Principal component analysis 
(PCA) with scores test is performed which applies a univariate statistical test to 
the scores of each of the retained principal components to produce a summary 
statistic for the degree of separation for each pair of classes (Davidson et al. 
2016). After data analysis, we receive outlier metabolites but not all of them are 
annotated properly. MSI levels help us tag meaningful biological information to 
these metabolites and in communicating the confdence of identifcations (Salek 
et al. 2013) and there are fve levels under which these classifcations are made 
(Schrimpe-Rutledge et al. 2016; Salek et al. 2013). Overall, the basic workfow 
for metabolomics includes preprocessing of data, data normalization, statistical 
analysis, and fnally annotation through various MSI levels (Table 5.1). This is 
followed by pathway analysis and manual checking of biological relevance for 
disease-related medicines in signifcant metabolite list or any other medication 
depending on the cohort selected. The target metabolites or indirectly affected 
biomolecules can be validated using the targeted studies. The overall process 
does face several problems, which includes experimental planning, sample man-
agement, and technical changes, among other things, that must be addressed in 
order to achieve reliable biological data (Box 5.1). 
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TABLE 5.1 

List of Packages for Metabolite Data Analysis and Databases 

S. No. Functionality Packages 

1 Mass spectrometry data handling and (pre-) xcms, MSnbase, ExpressionSet 
processing 

2 Metabolite identifcation with MS data RMassBank, metaMS 

3 Statistical analysis of metabolomics data muma, MOFA, MetaboAnalystR 

4 Handling of molecular and chemical rcdk, webchem, ClassyFire 
structure databases 

5 Network analysis and biochemical pathways MetaboDiff, pwOmics, MetCirc 

6 Multifunctional workfows SimExTargId, CAMERA, MAIT 

7 User interfaces and data sharing Galaxy, MetaboLights 

8 Code-based repositories CRAN, Bio-C, Git-Hub, rforge.net, 
sourceforge.net 

9 Metabolite raw data accessibility MetaboLights. Metabolomics 
Workbench, OmicsDi 

BOX 5.1  CHALLENGES AND ADVANCEMENTS IN THE FIELD 
OF METABOLOMICS AND ITS ROLE  

IN DIAGNOSTICS PURPOSES  
(LONG ET AL. 2020; AGGARWAL ET AL. 2021) 

Metabolomics  Current  Challenges Metabolomics Current Solutions 

  i.  S ample confounding factors:     i.  Limit them based on pilot study  
cohort size increases ana- results, sample injection random-
lytical variability increasing  ization, regular QC, blank, and  
biological variability IS evaluation 

ii. Sample information   ii.  Sample barcoding and tracking 
mismanagement   iii.  Reproducible sampling and 

 iii.   Sample storage condition  storing conditions 
variability   iv.  Immediate quenching and snap 

  iv.   Sample degradation and freezing, reducing freeze-thaw 
quality deterioration cycles 

v. Sample preparation    v.  Automated preparations, per-
variations sonnel training, and effciency 

 vi.   Equipment and unknown   vi.  Routine maintenance 
failure vii.  Internal standard (IS), blank 

 vii.  Instrumental variation and pooled sample assessment 
viii.   Analytical errors and inter- viii.  Automation, labeled IS, lesser 

batch variability batch in preparation 
ix. Metabolite coverage  ix.  Simple, minimal, and ft-for- 

reduction purpose sample preparation  
protocol 

http://sourceforge.net
http://rforge.net
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  x.  D ifferent separation and    x.  The choice should be made  
ionization techniques and  accordingly and appropriately  
their different strengths and  based on the sample type and  
weaknesses target strategy 

COVID-19 Metabolomics Study Progress 

•  Biospecimens-based metabolome profling for understanding the sys-
temic effect of COVID-19 

•  Affected pathways 
•  Diagnostic and prognostic prediction 

COVID-19 Metabolomics Study Prospect 

•  Unifed protocols 
•  Greater research on comorbidities and asymptomatic cases 
•  Universal data sharing and meta-analysis with other omics data 
•  Accessibility of unifed data to researchers, clinicians, and industrialists 

for quick translation of the fndings 

5.3   Role of metabolome profiling in understanding  
host response to COVID-19 

SARS-CoV-2 in COVID-19 attacks the respiratory tract of the host. Alveolar cells 
being the frst cells to come in contact with the virus (Harrison, Lin, and Wang 
2020) result in alarming the host by activation of the innate response, comple-
ment cascade by classical, alternative, and lectin pathways (Perico et al. 2021; 
Battagello et al. 2020). The latter also induces the activation of the coagulation 
pathway  (Margină  et al. 2020). The by-products of the activated cascades engender 
the release of infammatory biomolecules resulting in a cytokine storm (Shen et 
al. 2020; Thomas et al. 2020). Cytokine storm results in pulmonary infammation 
and activates the coagulation system resulting in excessive clotting and damage to 
the alveoli barrier (Mahmudpour et al. 2020). The cytokine storm leads to activa-
tion of B and T cells that results in further infammatory biomolecules leading to 
multi-organ failure (Barberis et al. 2020). The metabolomics studies on minimum 
to non-invasive biospecimens have been conducted to fnd the potential metabolite-
based diagnostics/prognostics marker candidates or to understand the signifcantly 
altered pathways for targeted therapeutics. 

Metabolome profling of plasma and serum-based biospecimens highlighted  
alterations in kynurenine (Danlos et al. 2021), fatty acid, amino acid (Shen et al.  
2020; Song et al. 2020; Thomas et al. 2020), nitrogen (Shen et al. 2020; Thomas et  
al. 2020), pyrimidine, TCA cycle, fructose and mannose metabolism, and guanosine  
monophosphate (GMP) of nucleotide biosynthesis pathways, carbamoyl phosphate  
of the urea cycle, and carbon metabolism (Wu et al. 2020; Y. Zhang et al. 2021).  



Metabolomics  87 

Alteration in carbon metabolism mainly impacts the TCA cycle, gluconeogenesis,  
and glycolysis in the severe patient cohort (“CT-Based Staging and Prognosis of  
Novel Coronavirus (COVID-19) Pneumonia: Correlation with Blood Glucose  
Levels”, 2020). The majorly altered metabolites in the TCA cycle were found to be  
fumarate, succinate, porphyrin due to the alteration of glycine, and α-ketoglutarate  
due to alteration of glutamine, histidine, and proline (Barberis et al. 2020). It is also  
reported that the sulfur-containing amino acid levels were reported to be low while  
precursor molecules for amino acids such as creatinine, polyamines spermidine,  
and acetyl-spermidine levels were enhanced in a cohort of COVID-19 patients with  
medium/high IL-6 level (Shen et al. 2020; Thomas et al. 2020; Lodge et al. 2021).  
Nan et al. reported the correlation between cytokines and amino acid alteration in  
rhesus macaques indicating a potential role in therapeutics by regulating cytokine  
storm in COVID-19 patients (Xiao et al. 2021). Altered phospholipids and amino  
acid pathways have exhibited post-COVID-19 recovered pulmonary dysfunction as  
compared to the healthy donor, reported by Juanjuan et al. (Xu et al. 2021). Benjamin  
et al. reported the role of lipid dysregulation in the immune system moderation in  
severe COVID-19 patients (Schwarz et al. 2021). 

Furthermore, the alteration in carbon molecules resulted in alteration in amino  
acids, which caused alteration in nitrogen metabolism (Thomas et al. 2020). The  
study also reported the enhanced expression of α-ketoglutarate in COVID-19  
patients suspecting the main reason for the level elevation to be the alteration  
in transamination activity to homeostasis nitrogen levels in patients (Aggarwal  
et al. 2021). Minhas et al. and Cameron et al. have reported NAD+ modulates  
activation of macrophages regulating infammatory molecules (Minhas et al.  
2019; Cameron et al. 2019). Collin et al. (Heer et al. 2020) successfully vali-
dated NAD metabolism alteration in COVID-19 patients with the help of cell  
lines of the human lung (Heer et al. 2020). Ayres et al. reported the development  
of the diabetic condition in the post-COVID-19 recovered patients due to islet  
cell damage in the pancreas because of cytokine storm, electrolyte disturbance,  
muscle hypoxia, and rhabdomyolysis due to metabolite disturbance (Ayres  
2020) (Figure 5.3a). Hypoxic condition correlates with amino acid catabolism  
and alters the saturation levels that may result in lung damage (Páez-Franco et  
al. 2021). Recovered patients also reported having damaged liver resulting in  
dyslipidemia (Bai et al. 2021). Metabolome profling of various samples has led  
to an understanding of the pathology of the SARS-CoV-2 better (Figure 5.3b). 

The diseases from which an individual suffers during his lifetime are the result of  
the combined effects of the human genome (G) and exposome (E; representing all  
exposures) (the term “exposome” encompasses all exogenous and endogenous expo-
sures) (Rappaport Stephen M. et al. 2014). But the attribution of risks to G and E and  
their interaction (G × E) has been problematic because of disparities in characteriz-
ing genes and exposures (Rappaport and Smith 2010; Wild 2005). One way to level  
the playing feld would be to explore the health impacts of E and G × E with expo-
some-wide association studies (EWAS) (Rappaport 2012) that obtain comprehen-
sive, quantitative measurements of chemicals in human biospecimens (Holmes et al.  
2008; Ritchie et al. 2010; Wang et al. 2011). This approach recognizes that meaning-
ful exposures are mediated in the internal chemical environment (Rappaport and  



 

 

88 Multi-Pronged Omics Technologies to Understand COVID-19 

FIGURE 5.3 Effect of COVID-19 in host metabolome profling. (a) Small molecule transport 
pathway alteration in COVID-19 patients. (b) Altered pathways in severe and non-severe COVID-
19 patients; orange highlights affected pathways and light orange highlights the symptoms or 
outcome of the altered metabolites and pathways. 

Source: This fgure was created using Servier Medical Art templates, which are licensed 
under a Creative Commons Attribution 3.0 Unreported License; https://smart.servier.com 
and Reactome. 

https://smart.servier.com
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Smith 2010) by endogenous signaling molecules, exogenous chemicals, and reactive  
electrophiles (E-factors) that communicate with cells, tissues, and organs via muta-
tions, posttranslational modifcations, enzymes, transcription factors, and receptors  
(G-factors) (Ie and R 2009; Liebler 2008; Menon and Manning 2013). Because blood  
transports chemicals to and from tissues and represents a reservoir of all endogenous  
and exogenous chemicals in the body at a given time (Nicholson et al. 2012), the  
blood exposome offers a parsimonious but essentially unexplored means for interro-
gating biologically relevant exposures (Rappaport 2012). The exposome-wide asso-
ciation study (ExWAS) provides a new approach for conceptualizing the roles and  
relationships of multiple chemical and non-chemical exposures in the etiology and  
progression of human diseases at key developmental periods, over the life course  
(Juarez and Matthews-Juarez 2018). Therefore, the challenge is to characterize these  
environmental chemicals for their occurrence, fate and transport, effects, assess-
ment, mitigation, and remediation strategies after confdent identifcation, quantif-
cation, and association with human health status or disease (Misra 2019). 

Single-molecule assays are being replaced with multi-targets assays or untargeted 
chemical profling offered by mass spectrometry–based targeted and untargeted 
metabolomics assays (Marksteiner et al. 2018; Cohen et al. 2018). The increased 
breadth of the analysis has the potential to provide quantitative data for up to 900 
compounds (Barupal et al. 2019; Hu et al. 2019; T. Long et al. 2017; Price et al. 
2017), as exemplifed in Karl et al. (2017), where untargeted metabolomics was 
used to compare 737 chemicals in the plasma of soldiers before and after rigor-
ous training exercises. Untargeted plasma metabolomics has been routinely used 
in clinical and epidemiological settings to identify exposure biomarkers (Rothwell 
et al. 2014) and chronic disease risk factors (Li et al. n.d.). The extreme complex-
ity and dynamic range of the blood exposome should motivate data-driven stud-
ies to discover unknown causes of chronic diseases, regardless of their exogenous 
and endogenous origins (Rappaport 2012). Candidate exposures can be identifed 
by EWAS that compares omics profles in blood from diseased and healthy sub-
jects. Thus, there is a need to promote a more global approach to systems biology 
(Nicholson and Wilson 2003) that expands beyond the endogenous metabolome to 
the blood exposome, consisting of a large sample of circulating small molecules 
and inorganic species. A key factor in determining variations in disease severity 
may be the exposome or measure of all exposures across an individual’s lifetime 
(environmental toxins, pharmacological treatments, lifestyle, diet, etc.) (Naughton 
et al. 2020). It will be interesting to see how the exposome concept can be added to 
the metabolomics studies of COVID-19. 

5.4  Conclusions and future perspectives 

SARS-CoV-2 infection leads to a life-threatening situation in a population with  
comorbidity but has a long-lasting post-COVID-19 effect on the population who have  
recovered. SARS-CoV-2 is found to generate cytokine storm and activates immune  
cascades affecting multiple organs. It also alters the level of amino acids, TCA cycle  



 

 
 

 
 

 

 

 
 

 
 
 

 

90 Multi-Pronged Omics Technologies to Understand COVID-19 

intermediates, and dysregulates glucose metabolism and lipid metabolism leading 
to multiple organ damage in COVID-19 patients, which may synchronize with the 
comorbid condition and infertility in males (Ayres 2020). Metabolite-based diag-
nostics and prognostic assays may facilitate effcient and quick screening of patient 
condition for effective treatment. However, exposome analysis of a patient is also 
an important part to understand the vulnerability or risk factors involved at indi-
vidual level, against a particular disease. The blood exposome helps to discover all 
chemicals that cause disease and then to intervene to modify exposures and the con-
comitant burden of disease (Christiani 2011). Therefore, the application of a compre-
hensive framework, for metabolome and exposome, may lead to better tailoring and 
evaluating the effectiveness of public health measures. 
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List of abbreviations 

COVID-19 – Coronavirus disease 2019 
ELISA – Enzyme-linked immunosorbent assay 
LC-MS/MS – liquid chromatography with tandem mass spectrometry 
MS – Mass spectrometry 
PhIP-seq – Phage immunoprecipitation sequencing 
SARS-CoV-2 – Severe acute respiratory syndrome coronavirus 2 

6.1 Introduction 

6.1.1 Introduction to the microarray-based techniques 

Studying protein and proteomics has been a discipline of interest among research-
ers from different felds. Protein microarray, unlike other system biology tech-
niques, is very simple and less time-consuming technique. The principle of protein 
arrays itself makes the technique very much dynamic and fexible, which can be 
made available for clinical research in an economical way. 

6.1.2 Principle of microarray-based research and diagnostics 

Protein microarray-based technologies have been used widely for over a decade 
to investigate the differential genetic and proteomic expression in pathogens. 
This technique has been applied widely to detect pathogens, pathogen discovery, 
microbial resistance, and strain typing (Natesan and Ulrich 2010). Besides, it is 
widely used for examining host responses to disease and discovering therapeutics. 
Proteome microarray is a rapidly growing area capable of being a robust diagnostic 
platform for innumerable diseases (S. Li et al. 2021). 

A protein microarray approach for diagnosing infectious diseases such as SARS-
CoV-2 could be an excellent way of detecting the infection as these arrays are 
highly sensitive and accurate. The SARS-CoV-2 virus has several known antigenic 
proteins such as the spike glycoprotein and nucleocapsid phosphoprotein present 
on its outer surface. Specifc analytical arrays with surface-specifc antibodies can 
easily detect the presence of the virus in samples in less than an hour. The diag-
nostic workfow is as simple as an ELISA assay and requires a signifcantly less 
volume of samples, and can perform multiple samples at once. 

6.1.3 Advantages of microarray over MS 
technique for clinical diagnostics 

Of all the technological interventions used to probe the COVID-19 biological sam-
ple, namely, serum or plasma, microarrays have provided unique and unbiased data 
about the biology of SARS-CoV-2 infection in greater detail (Aggarwal et al. 2021). 
Protein microarrays provide an attractive format for the detection and diagnosis of 
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wide range of analytes. It provides the following advantages: (a) simplifed work-
fow, (b) high-throughput platform, (c) straightforward translation of proteomics 
results to clinics, and (d) easy scale-up. 

6.1.4 Use of microarrays in other disease conditions 

Technologies such as proteome arrays (Davies et al. 2005) have been instrumen-
tal in assessing host response in multiple viral diseases such as papillomavirus 
(Luevano et al. 2010), immunization against rubella virus (Haralambieva et al. 
2017), the discovery of immune markers, and vaccine targets against herpes sim-
plex virus 1 and 2 (Kalantari-Dehaghi et al. 2012) and the immune response against 
the Zika virus (Mishra, Uversky, and Giri 2018). Hence it was natural to use these 
platforms to understand COVID-19 biology. 

6.2 Types of protein microarrays 

6.2.1 Protein microarray technology 

Three basic types of protein microarrays—analytical microarray, functional 
microarray, and reverse-phase microarray—are predominantly used to investigate 
proteins’ biochemical properties (Figure 6.1). 

6.2.2 Analytical protein microarray 

Analytical protein microarray is a powerful technique having a great potential to 
aid in the detection and identifcation of a wide range of analytes in various appli-
cations such as clinical diagnostics, proteomics, drug development, and molecu-
lar cell biology. Antibody arrays are the most representative form of an analytical 
array (Sutandy et al. 2013). The analytical microarray can be used to study various 
biological processes such as protein–protein interactions, signal transduction cas-
cades, posttranslational modifcation of proteins, detection of toxins such as snake 
venoms (Sauer 2017). These arrays have also revealed several advantages as com-
pared to classical single-stage Western blotting or ELISA assays in clinical settings 
as arrays are high-throughput, extremely sensitive, inexpensive, and require a very 
small volume of samples for multiple protein detection (Figure 6.2). 

6.2.3 Functional protein microarray 

The functional protein microarrays are made of full-length functional proteins or 
functional protein domains. Fabricating a functional array is quite delicate. Unlike 
DNA, in vitro protein synthesis is not very robust. Besides, protein folding needs 
to be accurate to be functional. Simultaneously, fabricating all these factors needs 
to be considered carefully for optimization of the immobilization of proteins to the 
slide surface. Because proteins printed are intact, various biochemical properties 
of the proteins, such as interactions with biomolecules, chemical-binding activities, 
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FIGURE 6.1 Principle of protein microarray. Protein microarray is a powerful high-throughput technique having a great potential to aid in the detection 
and identif cation of a wide range of analytes in various applications, including clinical research and diagnosis. The microarray analytes detection procedure 
starts with blocking the microarray slides to inactivate the empty surfaces on the glass slide. Once the blocking process completes, the next important step is 
the addition of biological samples containing primary antibodies. This step allows binding of the antibodies present in the sample with the specif c protein 
printed on the chip. To detect the primary antibody, a secondary antibody tagged with f uorophores can be added, followed by scanning and detection of the 
potential markers. Mostly the microarray chip contains a huge number of printed proteins that generate big data upon experimentation. The data needs to be 
checked carefully using biostatistics and bioinformatics tools to interpret the data, and hence it is the ultimate step in such kind of analysis. 
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and enzyme kinetics, can be investigated using these arrays (Romanov et al. 2014). 
Functional arrays are used extensively to investigate protein–protein, protein– 
peptide, protein–DNA, protein–RNA, protein–microRNA, protein–small mol-
ecule, etc. interactions (Hu et al. 2011). The role of functional arrays has become 
indispensable in studying posttranslational modifcations of proteins such as phos-
phorylation, glycosylation, ubiquitination, and acetylation. 

BOX 6.1 PROTEIN MICROARRAY FOR COVID-19 RESEARCH: 
FOCUS ON BIOMARKER DISCOVERY AND DIAGNOSTICS 

A protein microarray approach for the diagnosis of infectious diseases such 
as SARS-CoV-2 would be an excellent way of detecting infection as these 
arrays are highly sensitive and accurate. The SARS-CoV-2 virus has several 
known antigenic proteins such as the spike glycoprotein and nucleocapsid 
phosphoprotein present on its outer surface, which can be useful for COVID-
19 diagnosis. The diagnostic workfow is as simple as an ELISA assay and 
requires a very less volume of samples, and it allows performing multiple 
samples at once. The methodology follows with the spotting of GST tagged 
monoclonal antibodies on the activated surface followed by confrmation of 
the capturing process. GST tags present on the antibody can be used to check 
the quality of the slides. Once the slide passes quality control checks, it can be 
used for the detection of viral proteins in the given samples, such as plasma, 
serum, saliva swab, etc. Blocking the slides with proteins such as BSA is the 
next step. Once blocking is done, slides are ready for sample overlay followed 
by a brief incubation and then the addition of the same monoclonal antibody 
tagged with biotin to make a sandwich pattern. Streptavidin-based detection 
reagents are added after that to detect the presence of viral protein. Using the 
strategy, several studies were performed for the identifcation of diagnostic 
markers and potential candidates for vaccine development. A study involv-
ing the detection of unique IgG antibodies generated against 13 recombinant 
proteins linked to 4 structural proteins, including S, E, N, and M proteins 
of SARS-CoV, suggested that anti-N and anti-S antibodies can be used as a 
diagnostic marker of COVID-19 infection. It is also identifed that a compo-
nent of protein S is immunogenic, and it could be a potential candidate for 
the development of vaccines. Proteins from the SARS coronavirus (SARS-
CoV) and fve other coronaviruses were included in a protein microarray 
created by Zhu et al. They also created a computer algorithm that predicts 
samples from SARS patients using multiple classifers, which they used to 
predict 206 sera from Chinese fever patients. Patients with antibodies to 
other coronavirus proteins were also detected by the examination. It can be 
concluded from these studies that protein microarrays can be used to detect 
viral-specifc marker antibodies in sera on a large scale in a responsive, fast, 
and simple manner and can be used for diagnostic tests. 
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FIGURE 6.2 Principle of antibody microarray. Antibody arrays are a distinct semiquantitative form 
of protein microarray. The array measures multiple proteins saving time, cost, and sample consump-
tion. The array with antibody against proteins of SARS-Cov-2 can be used to detect the abundance of 
multiple analytes with reference to COVID-19 detection in biological samples, using different label-
based assays and sandwich assays. In a typical antibody microarray experiment, the most crucial step 
is the immobilization of the analytes, i.e., desired antibody onto a chemically modifed surface. The 
frst step of the microarray experimentation is the blocking of the reactive groups of the surface. After 
the blocking step, COVID-19 suspect samples such as a nasopharyngeal swab, plasma, or serum that 
can be added and incubated for binding and captured by the antibody. The subsequent binding can be 
screened either by fuorescent labeling of the samples or by the addition of suitable reagents. 

6.2.4 Reverse-phase protein microarray 

The reverse-phase expands microarray technology by employing a very generalized 
format to the primary platform. The term “reverse-phase” denotes that the antigen 
is used as a capture entity instead of an antibody. It can be used to investigate 
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biological processes in diverse animal models starting from drosophila to humans 
with various biological inputs such as cell lines, tissue samples, serum, plasma, 
and tissue microdissection (Boellner and Becker 2015). It is exclusively suitable 
for sketching the in vivo signal transduction cascades (Uzoma and Zhu 2013) as 
it requires minimal total cell extracts, extraordinary sensitivity (picomole to fem-
tomole range), and exceptional accuracy. Quantitative investigation of phosphory-
lated, glycosylated, acetylated, or whole cellular proteins from multiple samples 
can be achieved with the reverse-phase protein microarrays (Zhao et al. 2009). 

6.2.5 Peptide microarrays 

Compared to DNA and protein microarrays, peptide arrays are more challenging but 
most instructive for the studies mentioned previously as they enable us to narrow down 
from the massive protein stretch to an exact binding domain (Katz et al. 2011). Peptide 
arrays have multiple advantages in studying proteomic research as peptides are easy 
to be synthesized when the protein sequence is available. In a peptide array, probes or 
linker groups such as His-tag, and GST, biotin can be quickly introduced at any given 
position and can be used for various detection assays (Figure 6.3). Because folding is 
not an issue here, quality control of these arrays becomes more advantageous. At the 
same time, a peptide does not truly replicate the entire polypeptide structure; hence, 
peptide arrays should be used where it fts exclusively. A chemically manufactured pep-
tide microarray representing the principal antigens of the virus can be built on a glass 
slide for the detection of antibody responses (Hansen, Buus, and Schafer-Nielsen 2013). 
The assay would predict antigenic peptides with high sensitivity and specifcity to iden-
tify potential epitopes for vaccine development. Spotting purifed protein domains can 
be an alternative for making a peptide microarray. Arrays printed with domains would 
also be potent in recognition of potential epitopes for designing a vaccine. 

6.2.6 VirScan 

The concept of VirScan technique was introduced by Xu et al. VirScan is based on 
the phage immunoprecipitation sequencing (PhIP-seq) technology, and the method 
uses a bacteriophage library that exhibits proteome-wide peptides from a wide 
range of pathogenic viruses. The VirScan library comprises approximately 115,760 
distinct peptide sets representing known pathogenic human viruses and several 
non-viral antigens collected from Immune Epitope Database (Hasan et al. 2021). 

To investigate the serological profling using VirScan, serum samples are over-
layed with the library. Mixing of serum samples with the VirScan library allows 
antibodies from the serum to bind with specifc pathogenic epitopes present on 
the bacteriophage surface of the VirScan. The phage–antibody complexes are fur-
ther immunoprecipitated, followed by identifying peptides and respective DNA 
regions encoding the peptides. The DNA is further sequenced by NGS, revealing 
multiple information about the viral infections (Shrock et al. 2020). Following 
the sequencing, results are interpreted with statistical analysis of the obtained 
data to identify potential antibodies against a wide range of pathogens. The data 
analysis relies on statistical evaluation (p values) of the relative enrichment of 
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pathogen-specifc peptides present in the serum samples. Therefore, the results 
obtained are purely qualitative and are not directly equivalent to other conven-
tional quantitative singleplex serological techniques. VirScan combined with NGS 
sequencing has emerged as a powerful new technique for high-throughput sero-
logical screening, as it can correctly detect commonly encountered antiviral anti-
bodies with higher sensitivity and specifcity (95%) compared to regular ELISA 
and Western blot assays. 

6.3 Sample preparation and experimental 
workflow for COVID-19 studies 

6.3.1 Viral inactivation 

SARS-CoV-2 being a highly infectious agent, biofuid samples like serum require 
care during the handling. Viral inactivation is achieved by heat treatment of the 
samples at 56°C for 30 minutes (Darnell et al. 2004). 

6.3.2 Viral proteome array workflow 

The construction of the viral proteome array is quite challenging, and several essential 
steps need to be considered carefully. First of all, to increase the genetic contents, the 
predicted ORFs are amplifed using primers that contain appropriate recombination 
sites and then cloned into suitable expression systems (Qi et al. 2017). The expressed 
proteins are then purifed and followed by the fabrication of a microarray slide. 

BOX 6.2 PROTEIN MICROARRAYS FOR COVID-
19 RESEARCH: FOCUS ON EPITOPE MAPPING 

Extensive profling of humoral antibody responses to SARS-Cov-2 proteins is 
important in the understanding of host immunity. The majority of serological 
studies to date have identifed a general humoral response to SARS-CoV-2 infec-
tion against the spike (S) and the nucleocapsid (N) proteins, which can be seen 
as early as the fourth day after symptom onset when SARS-CoV-2-specifc IgG 
and IgM antibodies appear simultaneously. The peptide epitope mapping of the 
humoral response would provide a true landscape of antigenicity of SARS-CoV-2 
proteins and could be useful in diagnostics and vaccine development. Cataloging 
of viral peptides is crucial for the making of a peptide array for epitope mapping. 
For the detection of antibody responses, a chemically manufactured peptide 
representing the virus’s core antigens can be installed on a glass slide followed 
by overlaying the host convalescent sera for the binding of potential antibod-
ies to the printed peptides. Following a similar strategy, Musicò et al. (2021) 
have identifed the immunodeterminant regions present on SARS-CoV-2 spike 
protein, Orf1ab polyprotein, and nucleocapsid proteins. Using the viral microar-
ray, Wang et al. (2020) have identifed the landscape of B-cell epitopes against 
SARS-CoV-2-specifc antibodies in host sera. 
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FIGURE 6.3 SARS-CoV-2 microarray. The viral proteome can be mimicked with the construc-
tion of a proteome-wide peptide array. The peptide array can be used for identifcation of serologi-
cal markers as well as epitope mapping. Incubation of COVID-19 patient plasma samples with the 
array followed by detection with secondary antibody cocktail can give wide information about 
the humoral immune response against the virus. A similar approach can be used to identify the 
potential epitope peptide for vaccine design. 

As mentioned earlier, once fabrication is done, the experiment is seemingly 
straightforward. The microarray chip is initially blocked using BSA blocking solu-
tion on a gentle shake. In this step, the non-specifc protein BSA is adsorbed to 
the microarray slides’ vacant surfaces and helps improve the signal-to-noise ratio. 
After blocking, the array is incubated with a serum sample followed by detecting 
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the antibodies reacting with the spotted proteins on the microarray using antihu-
man IgG/IgA/IgM conjugated with a detector dye (Jiang et al. 2020). Each of these 
incubation steps should be followed by a gentle washing step, reducing the chance 
of non-specifc bindings. After the microarray was washed, it was rinsed in distilled 
water and dried, followed by scanning and detecting the altered antibody responses. 

6.4 Protein microarray applications in COVID-19 

Microarray technology uses antibodies against hundreds of proteins or peptides 
in a microarray panel or pathogen proteome, where it is used to study the humoral 
immune response to discovering antibodies of multiple isotypes against multiple 
antigens (Heiss et al. 2020). Quite naturally, for COVID-19 studies, researchers 
have used slides with both printed antibodies and overlapping peptides of the 
SARS-CoV-2 proteome. 

6.4.1 Detection of the host response to viral 
infection using protein microarray 

It is critical to learn the host response after SARS-CoV-2 infection. Host response 
knowledge is essential to establish a diagnostic and therapeutic regime backed by sci-
entifc evidence to clear the infection and reduce mortality adequately. In a study on 
patient serum, Hou et al. studied serum of 132 patients suffering from infuenza and 
COVID-19 by using a protein microarray. The microarray essentially consisting of anti-
bodies raised against a panel of 532 serological proteins. The panel’s serological targets 
included intercellular signaling molecules, protein-binding activity modulators, protein-
modifying enzymes, and metabolite interconversion enzymes. The in-depth profling of 
the patient serum could identify an extensive set of differentially expressed proteins that 
showed around it perturbed 26 biological processes during the early stage of COVID-
19. In brief, the most upregulated signaling pathways during early COVID-19 included 
cytokine–cytokine receptor interaction, cytokine signaling in the immune system, IL-4 
and IL-13 signaling, and IL17 signaling. The JAK-STAT pathway, MAP kinase, and 
PI3K-Akt signaling pathways were also upregulated during acute SARS-CoV-2 infec-
tion. However, few pathways like neutrophil degranulation, complement cascade, and 
coagulation cascades were downregulated during the initial stage of COVID-19 dis-
ease. Primarily, these pathways indicated the dysregulation of infammation pathways 
and immune signaling during SARS-CoV-2 infection. Furthermore, a signifcant corre-
lation was established between neutrophils with CCL2 and lymphocytes with CXCL10 
mediated cytokine signaling pathways (Hou et al. 2020). 

6.4.2 Detection of humoral response using 
microarray for immunogenicity 

Another host response that is essential for tracking disease pathogenesis is the immune 
response. Microarrays provide a matchless platform to study the immunogenic humoral 
response to the pathogen proteome. Thus, it holds the key to understand the epitope 
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diversity during the humoral response after infection at the amino acid level. Wang et al. 
studied the IgG- and IgM-based B cell response on the SARS-CoV-2 protein. Using the 
ORF sequences translated from the SARS-CoV-2 genome, a SARS-CoV-2 proteome 
microarray was developed that contains 966 peptides representing the SARS-CoV-2 
proteome and purifed nucleoprotein (N), spike (S), and E proteins (Wang et al. 2020). 
On the array, each peptide was 15 amino acids long, having a 5 amino acid overlap, thus 
enabling the panoramic detection of thousands of anti-SARS-CoV-2 antibodies in the 
serum of COVID-19 patients within 1.5 hours at amino acid resolution. Using serum 
from ten patients, they found 61 IgG and IgM antibody epitopes distributed in the seven 
SARS-CoV-2 proteins (M, N, S, Orf1ab, Orf3a, Orf7a, and Orf8.) Of all the proteins, 
it was observed that Orf1ab was found to have the most immunogenic epitopes consti-
tuting a total of 32 IgM and IgG epitopes. The Orf1ab proteins which constituted the 
immunogenic proteins were nsp1–4, nsp6, nsp8–10, and nsp12–16. Additionally, bind-
ing epitopes were also identifed on eight spikes (S), eight on nucleoprotein (N), (n = 8), 
fve on membrane (M) (n = 5), four on Orf3a (n = 4), three on Orf7a (n = 3), and one on 
Orf8 (n = 1) proteins. Notably, four immune-dominant epitopes with antibodies in more 
than 80% of the COVID-19 patients were present in the N (residue 206–210, SPARM), 
S (residue 816–820, SFIED), and Orf3a (residue 136–140, KNPLL; residue 176–180, 
SPISE) proteins. Surprisingly, antibodies to E, Orf6, and Orf10 were not detected. 
Subsequently, they analyzed the longitudinal changes of humoral immunity in 49 criti-
cal COVID-19 patients (Cheng et al. 2021). This work found that the SARS-CoV-2 
antibodies produced in patients were related to the severity of COVID-19 infection. 
Furthermore, the immunogenic epitopes related to the prognosis of COVID-19 were 
identifed, in which the antibodies targeting nsp3 and nsp5 proteases were associated 
with survival rates, while IgG antibodies targeting structural proteins (N, S, ORF3a) 
were associated with the risk of mortality in COVID-19 patients. 

Another exciting study (Shrock et al. 2020) showed the use of a high-throughput 
method, VirScan, to study epitopes of antiviral antibodies generated in human sera. 
The idea was to check for IgG and IgA immunogenicity of SARS-CoV-2 and cross-
reactivity between SARS-CoV-2 and other endemic coronaviruses. Also, the study pro-
vided a detailed overview of previous viral infections on immune response repertoire. 
Using COVID19 serum (n = 232) and pre-COVID-19 serum (190) on VirScan supple-
mented with coronavirus libraries, they assayed about 108 antibody repertoire–peptide 
interactions. The investigators could map 823 epitopes across the entire SARS-CoV-2 
proteome that were immunogenic. Ten epitopes could produce neutralizing antibodies, 
thus good candidates for vaccine candidates or therapies such as a monoclonal antibody 
therapy for passive vaccination. Also, they report a cross-reactive epitope in the S2 
region that is potentially neutralizing and might putatively determine severity. 

Another study showed the effcacy of proteome arrays (de Assis et al. 2021) in the 
detection of immunogenic responses. Using a multiplex antigen array with antigens 
from SARS-CoV-2, SARS-CoV, MERS-CoV, common endemic human coronavirus 
strains, and other common respiratory viruses, they studied the IgG and IgM kinetics 
of COVID-19 patients (de Assis et al. 2021). They found IgG antibodies to be more 
useful as discriminatory than IgM antibodies, although the overall reactivity pat-
tern was identical. The pre-pandemic sera response was compared to convalescent 
sera of COVID-19 patients. A clear demarcation was observed in immunogenicity, 
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especially by the spike and nucleoprotein of SARS-C0V-2; hence, it can act as excel-
lent biomarkers of active case detection, rapid antibody test, and vaccine develop-
ment. Using convalescent plasma from COVID-19 patient’s microarray designed 
from 200 linear peptides of the SARS-CoV-2 spike ectodomain, Farrera-Soler et al. 
(2020) found that there were three immunodominant IgG epitopes corresponding 
to the amino acid positions 655–672, 787–822, and 1147–1158. A couple of these 
epitopes relate to the crucial proteolytic sites on the spike protein (S1/S2 and S2′) 
recognized to be essential for cellular entry. Further, they conducted an alanine sub-
stitution scan to understand individual amino acid’s contribution and verifed the 
amino acids essential for binding with the antibodies common were H655, Y660, 
and C662. Such studies provide critical information for vaccine design and also 
provides information about immune escape variants, as we are already witnessing. 

A more thorough approach was adopted by a group of Chinese researchers wherein 
they probed the entire SARS-CoV-2 proteome for immunodominant epitopes, namely, 
IgG and IgM (Jiang et al. 2020). They fabricated a proteome microarray having 18 
SARS-CoV-2 proteins and studied the IgG and IgM responses on sera from a cohort 
of 29 convalescent patients. They reported that most patients turned seropositive 
for the viral N protein and S1 protein. Moreover, immunogenicity was observed in 
ORF9b and NSP5. Using clinical correlates of patients, they demonstrated that the 
S1-specifc IgG immunogenicity clearly correlated with increasing age and circulating 
lactate dehydrogenase levels and negatively correlates with lymphocyte percentage. 
Therefore, this exhibited the potential of being used as a classifer of infection severity 
as well. Interestingly, the two of the control sera exhibited strong IgG bindings, with 
the N protein, showing that the N protein is a weak candidate for serological testing 
due to its evolutionarily conserved nature in coronaviruses. 

Using a peptide microarray designed against the spike protein region of the virus 
(Li et al. 2021), they studied the immunoglobulin G (IgG) immune response landscape 
from the serum response of 1,051 patients. They reported that the C-terminal domain 
(CTD) and a region surrounding the S20 cleavage site and fusion peptide are enriched 
with linear epitopes. CTD had six highly immunogenic epitopes S1–93, S1–97, 
S1–105/106, S1–111, and S1–113. Surprisingly, the receptor-binding domain (RBD) 
essential for neutralizing antibody generation does not have linear epitope. Outside of 
the RBD area, a group of 16 highly immunogenic epitopes was discovered. However, 
the number of responsive peptides signifcantly varied among subjects and correlated 
with illness severity. Especially they found that the patients who could not survive 
COVID-19 displayed a statistically signifcant decrease in the IgG response for the 
epitopes corresponding to S1–93, S1–97, and S2–78. Through the SARS-CoV-2 pro-
teome microarray and spike protein–peptide microarray developed in their laboratory, 
not only can it fully monitor the body’s humoral immune response process. It can also 
be found that the dominant protein antigens and the dominant B cell epitopes located 
in the S protein region that can induce neutralizing antibodies contribute to the pre-
liminary evaluation of vaccines and provide strong support for vaccine development. 
Recently, the same group examined the antibody profle of 59 serum samples from 32 
patients received with the COVID-19 inactivated vaccine BBIBP-CorV. It was found 
that the expression of neutralization antibodies correlated well with the microarray-
based antibody response. Furthermore, the antibodies to S1–5 and S2–22 peptides 
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may have the potential to evaluate the effectiveness of inactivated virus vaccines, 
While the antibodies to N protein, NSP7 and S2–78 may have the value to distinguish 
COVID-19 patients from vaccinated individuals (Ma et al. 2021). 

Using whole SARS-CoV-2 proteome peptide microarrays, Dahlke et al. (2020) 
tested serum samples for SARS-CoV-2-specifc IgA, IgG, and IgM antibodies. 
They noted that shortly after disease onset, although a clear SARS-CoV-2-specifc 
IgA was noted in moderate cases, a case with more severe progression exhibited a 
delayed but ultimately extremely intense and comprehensive SARS-CoV-2-specifc 
IgA response. On a cohort of PCR-confrmed mild (n = 9) and severe (n = 7) COVID-
19 patients, scientists studied the IgA and IgG responses in the sera (Schwarz et al. 
2021). They used a microarray platform PEPperCHIP® by PEPperPRINT GmbH, 
Germany, having the proteome of Wuhan-Hu-1 SARS-COV-2 isolate. Fifteen amino 
acid peptides with 13 amino acid overlap of the viral proteome represented by pro-
teins ORF1a/b, spike, ORF3a, envelope, membrane glycoprotein, ORF6, ORF7a, 
ORF8, nucleocapsid phosphoprotein, and ORF10 were used. While observing the 
longitudinal epitope-specifc antibody responses across the SARS-CoV-2 proteome, 
they found a short-lived IgA but IgG response was steady. 

Early IgA-specifc epitope responses were relatively feeble but peaked at week 3 
and then steadily declined till diminishing by week 10 after the infection. However, 
no IgG response was observed till week 1 of infection. It changed after the frst 
week, and IgG response could be observed well into the late convalescent phase, 
especially for IgG antibodies against NSP13 peptide E5466-E5480. They further 
studied if epitopes could also delineate the disease severity based on the immune 
response. It was observed that IgG antibody against peptide P1622-H1636 (NSP3) 
was most potent to classify severe from mild COVID-19. The NSP12-derived 
peptide N4542-D4556 followed it. A less potent but signifcant severe COVID-19 
marker was the NSP3-derived IgA epitope (Y1906-Y1920). Further, they identifed 
three IgG and IgA shared epitopes recognized in sera of patients with severe 
COVID-19. Of these, the ORF3a-derived peptide Y141-D155 was found to be the 
most suitable biomarker of severity. This information could be essential for the 
development of rapid antibody tests for disease severity and progression. 

In a study in Italy by Musico and group using the microarray platform 
PEPperCHIP® by PEPperPRINT GmbH, Germany, having the proteome of 
Wuhan-Hu-1 SARS-COV-2 isolate on seven blood samples of COVID-19 patients 
found that the N protein epitope (region 155–171) had excellent diagnostic eff-
ciency in distinguishing COVID-19 positive from healthy persons. Using this epit-
ope, IgG identifcation in COVID-19 specimens achieved 92% sensitivity and 100% 
specifcity (Musicò et al. 2021). Most importantly, they had no cross-reactivity with 
endemic coronaviruses. Furthermore, working on the IgM response in sample col-
lected within one month after the initial symptoms, they found that IgM reactivity 
showed discriminative power. Generally, N protein epitopes 155–171 was identifed 
as a promising candidate for any further study and effcient use in immunoassays. 

A multicenter study by Mishra et al., scientists used a high-density microar-
ray to study humoral response across coronaviruses (Mishra et al. 2021). They 
used plasma samples collected at two time points from a cohort of 50 COVID-19 
patients and compared them with 11 patients with IgG antibodies to SARS-CoV-1 



 

 
 
 
 

 

 
 
 

 
 

 

 

TABLE 6.1 

Microarray in COVID-19 Research 

Microarray 
S. No. Type Sample Parameter Checked Key Findings Reference 

1 Whole 
SARS-CoV-2 
proteome 
peptide 
microarrays 

2 The whole 
proteome of 
Wuhan-Hu-1 
SARS-COV-2 
isolate 

COVID-19 SARS-CoV-2- SARS-CoV-2-
serum specifc IgA, IgG, 

and IgM antibodies 
specifc IgA was 
early and low in 
moderate 
COVID-19 and 
delayed and high in 
severe COVID-19 

COVID-19 
serum

 SARS-CoV-2-
specifc IgA and 
IgG antibodies 

Short-lived IgA but 
IgG response 
steady 

IgG antibody 
against peptide 
P1622-H1636 
(NSP3) was most 
potent to classify 
severe from mild 
COVID-19 

Severe COVID-19 
marker was the 
NSP3-derived IgA 
epitope 
(Y1906-Y1920) 

Dahlke et 
al. 2020 

Schwarz et 
al. 2021 
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who were tested in 2004–2005, 11 patients with IgG antibodies to other sea-
sonal human coronaviruses (HCoV), and 10 healthy human volunteers were 
taken as control. They could identify 29 linear epitopes from the SARS-CoV-2 
that showed immunoreactivity, and could detect from individuals who had mild 
or severe SARS-CoV-2 infections. They were also able to detect asymptomatic 
infections in this study. 

Unfortunately, SARS-CoV-2 is mutating, with new variants emerging nearly 
every week that could impede drug development and reduce the effcacy of COVID-
19 vaccines. Therefore, the ability to comprehensively map the binding epitopes of 
neutralizing antibodies (NAbs) to spike variants is critical in stopping the spread of 
COVID-19. To address this challenge, Zhang et al. prepared an SARS-CoV-2 spike 
protein variants microarray containing 72 spike protein variants, and developed 
a multiplexed Spike-ACE2 Inhibitor Screening (mSAIS) assay method based on 
the microarray, high-throughput detection of the neutralization effect of antiviral 
antibodies in the serum of convalescent COVID-19 patients and vaccinees on dif-
ferent types of spike protein variants. The results indicate that the high titer neu-
tralizing antibodies that inhibit the interactions of ACE2 with spike variants more 
effciently displayed with more diverse epitopes on spike proteins. These results 
suggest mSAIS platform may have great potential in advancing COVID-19 drug 
and vaccine development, especially as the SARS-CoV-2 virus continues to evolve 
(Zhang et al. 2021) are shown in Table 6.1. 
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3 

Protein microarrays for COVID-19 research 

Microarray of 
antibodies of 
532 
biomarkers 

4 Microarray of 
966 peptides 
representing 
the 
SARS-CoV-2 
proteome 

5 VirScan 
supplemented 
with 
SARS-CoV-2 
antigen library 

6 Multiplex 
antigen array 
having 
antigens from 
SARS-CoV-2, 
as well as 
SARS-CoV, 
MERS-CoV, 
common 
endemic 
human 
coronavirus 
strains, and 
other common 
respiratory 
viruses 

7 Microarray of 
200 linear 
peptides of 
the 
SARS-CoV-2 
spike 
ectodomain 

COVID-19 
serum 

COVID-19 
serum 

COVID-19 
serum and 
pre-COVID-19 
serum 

COVID-19 
serum 

Convalescent 
plasma of 
COVID-19 
patients 

Serum biomarkers 
such as intercellular 
signaling molecules, 
protein-binding 
activity modulators, 
protein-modifying 
enzymes, and 
metabolite 
interconversion 
enzymes 

Tested for IgG and 
IgM antibody 
response 

IgG and IgA 
immunogenicity of 
SARS-CoV-2 and 
cross-reactivity 
between SARS-CoV-2 
and other endemic 
coronaviruses 

IgG and IgM kinetics 
of COVID-19 
patients 

IgG response 

Dysregulation of 
infammation 
pathways and 
immune signaling 
during SARS-
CoV-2 infection

 61 IgG and IgM 
antibody epitopes 
distributed in the 
seven SARS-CoV-2 
proteins M, N, S, 
Orf1ab, Orf3a, 
Orf7a, and Orf8 

823 immunogenic 
epitopes and a 
cross-reactive 
epitope in the S2 
region might 
putatively 
determine severity 

IgG antibodies to be 
more useful as 
discriminatory than 
IgM antibodies. 
The spike and 
nucleoprotein of 
SARS-CoV-2 
showed clear 
discrimination for 
active case 
detection 

Three 
immunodominant 
IgG epitopes 
having amino acid 
positions 655–672, 
787–822, and 
1147–1158. 
Further, amino 
acids essential for 
binding with the 
antibodies common 
were H655, Y660, 
and C662 

Hou et al. 
2020 

Wang et al. 
2020 

Shrock et 
al. 2020 

de Assis et 
al. 2021 

Farrera-
Soler et 
al. 2020 

(Continued) 
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TABLE 6.1 (Continued) 

S. No. 
Microarray 
Type Sample Parameter Checked Key Findings Reference 

8 Entire 
SARS-CoV-2 
proteome 

Convalescent 
plasma of 
COVID-19 
patients 

Immunodominant 
epitopes for IgG and 
IgM. 

S1-specifc IgG 
immunogenicity 
correlated with 
disease severity 

N protein is a weak 
candidate for 

Jiang et al. 
2020 

serological testing 

9 Microarray of 
211 linear 
peptides of 
the 
SARS-CoV-2 
spike protein 

COVID-19 
serum 

IgG response C-terminal domain 
(CTD) and a region 
surrounding the 
S20 cleavage site 
and fusion peptide 
are both dense in 
linear epitopes 

CTD had six highly 
immunogenic 
epitopes S1–93, 
S1–97, 

Li et al. 
2021 

S1–105/106, 
S1–111, and 
S1–113 

10 Entire 
SARS-CoV-2 
proteome 

Seven 
COVID-19 
patients, aged 
68–96 years, 
at about 30 

N protein (region 
155–171) 
candidate for 
diagnostics and 
could discriminate 

Musico 
et al. 
2021 

days after the 
onset of 
symptoms 

COVID-19 
positive versus 
healthy 
individuals 

11 Microarray 
of 72 
SARS-
CoV-2 

Convalescent 
COVID-19 
patients and 
vaccinees 

Serum with high 
neutralizing 
antibody titer 
neutralizes the S 

Zhang 
et al. 
2021 

spike 
protein 
variants 

protein mutant 
more widely 

6.5 Conclusions and authors’ perspective 

Protein microarrays have proven its utility to study clinical samples simply, 
reliably, and without complex processing steps. The information gained allows 
incredibly detailed analysis of the host immune response at the peptide level 
against the novel pathogen like SARS-CoV-2, thereby vindicating its importance 
in an era where other omics technology such as mass spectrometry has domi-
nated the scene. The ease of use of protein microarrays also allows for the easy 
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scalability and bench to bedside translation of the knowledge gained and paves 
the way for developing sensitive lateral fow assays and better vaccines. With the 
emergence of newer variants with a potential immune escape, more studies need 
to be conducted using microarrays, increasing our knowledge about the pathogen 
and host response. Microarrays have thus proved their worth in the fght against 
the pandemic, and these techniques hold immense potential for their usage against 
future outbreaks. The technology is still in its infancy, and broader adoption by the 
scientifc community against infectious diseases apart from COVID-19 would be 
interesting. Humanity is under constant threat from emerging infectious diseases, 
and, therefore, techniques such as protein microarrays would be one of the essen-
tial weapons against the emerging diseases. 
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TRIF – TIR-domain-containing adaptor inducing interferon β 

7.1 Introduction 

Pathogenesis by an infecting organism is a victory of pathogen infectivity on the 
targeted host. It is often precipitated by the insuffciency of the host immune system 
to tackle the invading pathogen. Host–pathogen interactions lead to the dysregula-
tion of various host biological pathways, while the host activates the innate immune 
system that essentially results in infammation leading to symptoms, progression, 
and severity of the disease. Pathogen tries to evade the innate immune system and 
faces the adaptive immune system of the host. Depending on the location of the 
infection, the host exhibits localized lesions, systemic effects, or a combination of 
both. Host response to the entry, immune escape, and viral replication leads to dif-
ferent disease severity levels. Hence, to understand pathogenesis, one needs to 
understand the functions of viral proteins and, simultaneously, the host’s response. 
The host’s genetic makeup, predisposed conditions/comorbidities, recovery capac-
ity, age, gender, geographic location, and many other factors decide the host’s 
capability to fght disease. This involves the different modes of SARS-CoV-2 virus 
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entry in the host system, host response against the virus, the role of the viral pro-
teins in pathogenesis, and the omics approaches that have facilitated the better 
resolution of the host–pathogen interactions and the host response. 

7.1.1 General course of RNA virus infection 

Acute respiratory infections (ARI) are among the top fve causes of mortality world-
wide and respiratory virus infections are signifcant contributors to that (Legand 
et al. 2013), causing an enormous burden to the healthcare systems and the socio-
economic conditions. The emerging respiratory viruses such as infuenza viruses 
and coronaviruses, among others, present a continual threat to global health and 
the economy (Tyrrell, Allen, and Carson 2017). To initiate any response against an 
invading pathogen, the host has to detect the presence of the pathogen. Pathogen-
associated molecular patterns (PAMPs) are distinct molecular structures associ-
ated with different classes of pathogens that the host recognizes through pattern 
recognition receptors (PRRs). Upon sensing the PAMPs, PRRs initiate downstream 
signaling to trigger the production of mediators that aid in alerting the immune sys-
tem, propagating the immune response, protecting the neighboring cells, and clear-
ing the infection. Three classes of PRRs, viz., Toll-like receptors (TLRs), a retinoic 
acid-inducible gene I (RIG-I)-like receptors (RLRs), and nucleotide oligomeriza-
tion domain (NOD)-like receptors (NLRs), are currently known to be involved in 
sensing of viral components like ssRNA, dsRNA, RNA with 5′-triphosphate ends, 
and genomic DNA (Takeuchi and Akira 2009). Endoplasmic reticulum (ER) stress 
induced by virus infection and fusion of viral envelope with cell membrane can 
also trigger host immune response (Hrincius et al. 2015; Holm et al. 2012). 

Recognition of virus-associated PAMPs by PRRs initiates downstream signaling 
cascades that lead to activation of primarily two classes of transcription factors— 
nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB) and inter-
feron regulatory factors (IRFs) (Troy and Bosco 2016). These transcription factors 
act predominantly to induce the expression of cytokines, particularly chemokines 
and interferons that mediate the antiviral program. Chemokines orchestrate the 
recruitment of immune cells at the site of infection, while interferons induce the 
expression of several interferon-stimulated genes (ISGs) that give rise to a potent 
antiviral state, aid in viral clearance, and prevent viral spread (Duan and Mukherjee 
2016; Honda and Taniguchi 2006). Successive waves of cytokines and chemokines 
are set in, resulting in coordinated and sequential recruitment of neutrophils, cyto-
toxic T cells, and natural killer cells at early time points, followed by memory T 
cells, and fnally naive T and B lymphocytes (B et al. 2006). The cytokine expres-
sion also results in maturation and traffcking of antigen-presenting dendritic cells 
(DCs) to draining lymph nodes required to activate adaptive immune response 
(Kohlmeier and Woodland 2009). This coordinated set of reactions starting from 
detecting the virus to the expression of chemokines and interferons resulting in 
induction and recruitment of immune cells is fundamental to tackling respira-
tory virus infections. The early innate response characterized by the release of 
cytokines restricts the replication of the virus, induces a potent antiviral state, and 
activates adaptive immunity. The adaptive immune system takes time to respond 
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because it requires selecting virus-specifc cells from a humongous pool of naive T 
and B lymphocytes followed by their proliferation and differentiation into effector 
and memory cells. Viruses have evolved several mechanisms to evade the immune 
system and bring about the associated pathology. It is reasonable to think that any 
virus-associated disease, such as COVID-19, is the repercussion of the concerned 
virus trying to trick and evade the immune system. 

7.1.2 SARS-CoV-2: Entry and life cycle 

SARS-CoV-2 and severe acute respiratory syndrome coronavirus (SARS-CoV) 
and Middle East respiratory syndrome coronavirus (MERS-CoV) are placed 
under the Betacoronavirus genus of the Coronaviridae family. The members of 
Coronaviridae are enveloped with positive-sense, single-stranded RNA viruses 
(Gorbalenya et al. 2020). Deep sequencing methods have identifed that the full-
length genomic RNA of SARS-CoV-2 is around ~30 kb long and comprises 14 
open reading frames (Kumar 2020). The spike protein enables cellular entry of 
the virus by interacting with the host cell surface receptor, angiotensin-converting 
enzyme 2 (ACE2) (Wang et al. 2020). After the receptor-binding domain (RBD) 
of spike protein comes in close contact with host ACE2, it is subjected to pro-
teolytic priming by a transmembrane serine protease—TMPRSS2—of the host, 
which is to enable effcient viral–host membrane fusion reaction (Hoffmann et al. 
2020). Alternatively, receptor-mediated endocytosis of the viral particle followed 
by proteolytic priming of S protein by endosomal cathepsin L is another way of 
viral entry into the host cell (Hoffmann et al. 2020). Once the viral genome is 
released inside the host cell, ORF1a and ORF1ab are translated into polyproteins 
and are cleaved into nsps by host and viral proteases (nsp3 and nsp5 harbor papain-
like and 3C-like protease domains, respectively) (Harrison, Lin, and Wang 2020). 
Nsp12 possesses the main RNA-dependent RNA polymerase activity and, with 
other nsps, forms the Replicase to enable replication of genomic and subgenomic 
RNAs (sgRNA) (Harrison, Lin, and Wang 2020). Structural and accessory proteins 
enable the assembly and egress of progeny virions and aid in viral replication and 
pathogenesis (Yoshimoto 2020). The viral entry and life cycle are summarized in 
Figure 7.1. 

7.1.3 Recognition of SARS-CoV-2 infection 

The host cells detect the entry of the virus by various sensors called PRRs that 
recognize virus-specifc PAMPs. Viral PAMPs are essentially recognized by 
PRRs like TLR3, TLR4 TLR7, TLR8, RIG-I, and melanoma differentiation-
associated protein 5 (MDA-5, which is a part of the RLR family) (Sallenave and 
Guillot 2020). TLR4 is a cell surface receptor that is likely to interact with viral 
glycoproteins like the spike protein (Choudhury and Mukherjee 2020). On the 
other hand, TLR3, TLR7, and TLR8 are localized in the endosomes and engage 
with single-stranded and double-stranded RNA after endocytosis of viral par-
ticles (Lester and Li 2014). Furthermore, RIG-I and MDA-5 are cytoplasmic 
helicases that can detect the genomic RNA of the virus (Chen et al. 2020). The 
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FIGURE 7.1 The course of SARS-CoV2 entry using a different mode of entry: A. TMPRSS2 
receptor-mediated non-endosomal pathway; B. ACE-2 receptor-mediated endosomal pathway. 

Source: Adapted from Harrison et al. 2020. 

engagement of these receptors with the viral products leads to the recruitment of 
various adaptor proteins, initiating signal transduction pathways that lead to the 
expression of a variety of immunomodulatory mediators. TLRs signal through 
myeloid differentiation primary response 88 (MyD88) dependent (TLR4, TLR7, 
and TLR8) and TIR-domain-containing adaptor inducing interferon β (TRIF or 
TRICAM1) dependent (TLR3 and TLR4) pathways, while RIG-I and MDA5 
activate mitochondrial antiviral signaling protein (MAVS) dependent pathway 
(Lester and Li 2014; J. Wu et al. 2021). These signaling pathways converge 
on transcription factors like NF-κB and AP-1, which induce the expression of 
infammatory cytokines, and IRFs (like IRF3 and IRF7) that induce interferon 
response (Park and Iwasaki 2020; Uehata and Takeuchi 2020). The viral sensing 
mechanism is summarized in Figure 7.2. 
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FIGURE 7.2 The activation of the innate response to viral entry leading to A.: activation of 
complement cascade by classical and lectin pathway, B.: activation of coagulation pathway as a 
result of thrombin production from lectin pathway, and C.: upregulation of infammatory biomol-
ecules causing systemic cytokine storm. The systemic cytokine storm results in multiple organ 
damage along with generating symptoms like respiratory distress due to ARDS. 

Source: Adapted from Park and Iwasaki 2020. 
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7.2 Host response to SARS-CoV-2 infection 

The frst-line defense of a host against pathogen attack is the innate immune sys-
tem. Mounting evidence suggests that a disproportionate innate immune response 
is primarily responsible for the genesis of SARS-CoV-2 infections (Z. Zhou et al. 
2020; Blanco-Melo et al. 2020; Hadjadj et al. 2020). A balanced cytokine response 
accounts for the major frst line defense against viruses and is imperative for an 
effective antiviral response. Heightened release of pro-infammatory cytokines, 
also called a cytokine storm, is a common reaction to respiratory viral infections 
leading to an acute infammatory state that begins at the infection site and can 
spread to other parts of the body through systemic circulation. A repercussion of 
cytokine storm is acute lung injury (ALI) characterized by loss of endothelial and 
epithelial integrity and excessive transepithelial migration of infammatory neu-
trophils (Tisoncik et al. 2012), which is also a principal clinical characteristic of 
severe COVID-19 patients (L. Li et al. 2020; Ciabattini et al. 2020). Serological 
profle and bronchoalveolar lavage fuid (BALF) of clinical COVID-19 patients has 
revealed signifcantly increased levels of cytokines like IL-6, CCL8, CXCL8 (IL-
8), CXCL9, CXCL16, IL-1RA, CCL2, and CXCL2 (Blanco-Melo et al. 2020; Z. 
Zhou et al. 2020; Liao et al. 2020). These cytokines have varied roles in infamma-
tion and immune reactions that bring about the virus-associated pathophysiology. 
The cellular landscape of BALF from severe and critical cases of COVID-19 has 
revealed a higher number of neutrophils and macrophages as compared to moder-
ate cases, and evidence suggests that extensive infltration of infammatory immune 
cells contributes to lung damage and mortality (Barnes et al. 2020; Liao et al. 2020; 
Merad and Martin 2020). The cytokine storm can also result in multiple organ 
damage leading to various clinical manifestations and worsening the existing clini-
cal condition in the infected patient. For example, islet cells get damaged due to 
the cytokine storm, which might accelerate the development of diabetic conditions, 
and the severe condition is engendered in the case of diabetic patients (Hayden 
2020). Hence, comorbidities play a vital role in the conversion of the COVID-19 
non-severe cases to severe cases. 

Interleukin 6 (IL-6), which has been widely associated with the severity of 
COVID-19 (J. Zhang et al. 2020), is a pleiotropic cytokine with the ability to induce 
the production of acute-phase proteins (APP) by liver cells and promote antibody 
production, T-cell differentiation, and megakaryocyte maturation (Tanaka, Narazaki, 
and Kishimoto 2014). Furthermore, IL-6 inhibits the production of albumin (respon-
sible for maintaining oncotic pressure of the blood) and induces the production of 
hepcidin (reduces iron levels in serum by blocking iron transporter—ferroportin— 
in enterocytes and macrophages) and ferritin (iron-storing blood protein) (Tanaka, 
Narazaki, and Kishimoto 2014; Edeas, Saleh, and Peyssonnaux 2020). Many of 
these biological effects of IL-6 corroborate very well with the clinical features of 
COVID-19. Proteome analysis of sera from severe patients has revealed signifcant 
upregulation of APPs like serum amyloid A (SAA), C-reactive protein (CRP), alpha-
1-antichymotrypsin, and fbrinogen (D’Alessandro et al. 2020; Shen et al. 2020), sug-
gestive of a hyper-infammatory state associated with the disease. Coagulation-related 
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abnormalities are a signifcant risk factor in susceptible patients and can be partly 
attributed to increased platelet production due to IL-6-induced megakaryocyte matu-
ration (Roncati, Manenti et al. 2020; Biswas and Khan 2020; Al-Samkari et al. 2020; 
Wool and Miller 2021; Roncati, Ligabue et al. 2020). Markedly decreased serum 
levels of albumin and iron, also called hypoalbuminemia and hypoferremia, respec-
tively, and high serum levels of hepcidin and ferritin have been associated with dis-
ease severity, poor clinical outcomes, and mortality (J. Huang et al. n.d.; Yafei Zhang 
et al. 2020; Zhao et al. 2020; J. Xia et al. 2019; Nai et al. 2021; Cheng et al. 2020). 
Excess intracellular iron resulting from high hepcidin levels react with intracellu-
lar oxygen, leading to reactive oxygen species (ROS) generation. This may lead to 
oxidative stress and cellular damage in multiple organs. Interestingly, altered iron 
homeostasis has been implicated in oxidative cell death called ferroptosis (Ursini 
and Maiorino 2020), which is crucially involved in neurological disturbances (J.-X. 
Ren et al. 2020), anosmia (loss of smell) (Dinc et al. 2016), and ageusia (loss of taste) 
(Osaki et al. 1996), features very commonly manifested in COVID-19. 

On the other hand, mounting evidence suggests profoundly poor interferon 
response in COVID-19 patients. Interferons, classifed as type I (IFN α and ß), 
type II (IFN γ) and type III (IFN λ), are crucial for mounting an effective antiviral 
response. In addition to inhibiting various viral replication stages, they have sev-
eral immunomodulatory functions that ultimately act to recruit immune cells and 
promote adaptive and innate immune responses (Samuel 2001; Biron 1998). While 
a small subset of interferon-stimulated genes (ISGs) is found to be upregulated in 
multiple studies, little to no interferon response was observed in sera (Blanco-Melo 
et al. 2020), peripheral white blood cells (Hadjadj et al. 2020), and BALF (Z. Zhou 
et al. 2020) of COVID-19 patients. The upregulation of ISGs can be explained by the 
fact that viral PAMPs can directly induce the expression of some of the ISGs with-
out the involvement of IFNs (Sen 2001). On the contrary, Galani et al. and Broggi 
et al. observed type I and type III interferons in severe and critical cases (Galani et 
al. 2021; Broggi et al. 2020), suggesting a delayed response. This might as well be 
responsible for worsening the situation as delayed production of type I and type III 
IFNs has been shown to impair lung epithelial barriers in the mice model (Major 
et al. 2020; Broggi et al. 2020). Thus, the pathogenesis of SARS-CoV-2 infection 
can be viewed as a vicious cycle of systemic events occurring due to heightened 
cytokine expression and diminished and/or delayed interferon response. 

7.3 COVID-19 and multi-omics 

Any biological system is a hugely interconnected and complex system. For decades 
we have tried to break the understanding of the in vivo environment using genom-
ics, transcriptomics, metabolomics, proteomics, and many other branches of sci-
ence dealing with epigenetics, posttranslational modifcations, and many more. 
However, to understand pathology or disease mechanics better, one needs to inte-
grate these omics studies. The researchers have used various biospecimens and 
performed multi-omics to integrate the fndings facilitating a better understanding 
of the pathology of SARS-CoV-2 in the human system. 
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In COVID-19 affected patients, change in the immunological profle includes 
nutrient drop in blood profle and the rise in infammatory molecules that diversify 
with disease progression (Shen et al. 2020). The infammatory response alteration 
includes cytokine IL-6 and a rise in the T-cell population resulting in lymphocyte 
proliferation exhaustion (Zheng et al. 2020). Keratin-19 has been reported to be 
upregulated in damaged muscle tissues and is suspected to be a potential biomarker 
for tissue damage (Su et al. 2020). In the patient cohort transforming from mod-
erately severe to severe, it is reported to fnd further alterations in the immune 
response–related cellular population such as lymphopenia (X. Cao 2020), robust 
HLA class II downregulation on monocytes (Wilk et al. 2020), spontaneous rise 
in infammatory cytokines levels (Del Valle et al. 2020), altered mammalian target 
of rapamycin (mTOR) signaling in dendritic cells (Arunachalam et al. 2020), and 
altered levels of myeloid cells in severe COVID-19 (Schulte-Schrepping et al. 2020; 
Silvin et al. 2020). Virus infection inside a host requires various biomolecules for 
its various stages of survival and reproduction, such as invasion, replication, encap-
sulation, and reinfection of other host cells (Bley, Schöbel, and Herker 2020). This 
results in alteration of carbon metabolism (D. Wu et al. 2020), nitrogen metabolism 
(Thomas et al. 2020; D. Wu et al. 2020; Heer et al. 2020), pyrimidine metabolism 
(D. Wu et al. 2020), lipid metabolism (Shen et al. 2020; J.-W. Song et al. 2020; 
Maras et al. 2020), and amino acid metabolism (Shen et al. 2020; J.-W. Song et al. 
2020; Maras et al. 2020; Thomas et al. 2020) pathways of the host system. 

Multi-omics analysis using meta-analysis also revealed the alteration of androgen 
and estrogen metabolism, amino sugar metabolism, carbon metabolism, glycerophos-
pholipids metabolism, amino acid metabolism, nitrogen metabolism, and vitamin 
metabolism (Aggarwal et al. 2021). Multi-omics analysis and correlation of infectious 
diseases such as malaria, tuberculosis, and other deadly infectious diseases enable 
to understand the commonly altered pathways. The commonly altered pathways 
observed are RNA splicing, RNA metabolic processes, immune response, and other 
pathways involved in the host’s defense mechanism (Barh et al. 2020). These pathways 
and target molecules can be benefcial in the repurposing of FDA-approved drugs. 

7.4 Possible mechanisms of immune evasion 

Gordon et al. sought to characterize the host–virus protein–protein interactions 
(PPIs) to lay the groundwork for dissecting the exact molecular mechanism of 
viral pathogenesis (Gordon et al. 2020). The virus undertakes the deception in 
two crucial acts. Suppression of immune response is act one. The induction of 
IFN-I is critical for the innate immune response against viral infections (Stetson 
and Medzhitov 2006). Using biotin-streptavidin affnity purifcation mass spec-
trometry (AP-MS), it was found that Orf9b of SARS-CoV-2 localizes on the outer 
membrane of host cell mitochondrial protein TOM70 to suppress type I interferon 
(IFN-I) responses (Jiang, Zhang et al. 2020). Further viral proteins ORF6, ORF8, 
and nucleocapsid also inhibit IFN-I signaling allowing immune evasion (Flower 
et al. 2021; J.-Y. Li et al. 2020). Moreover, the non-structural protein-1 has been 
shown to interact with the 40S ribosomal subunit to inhibit the mRNA synthesis of 
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the retinoic acid–inducible gene I-dependent innate immune responses. Therefore, 
it could entirely block the translation of IFNs and IFN-stimulated genes (ISGs) that 
usually facilitate viral clearance (Thoms et al. 2020). The upregulation of infam-
matory response synergistically complements the inhibition of interferon response. 

Act two is the persistent inhibition of the adaptive immune response. It usually 
takes a couple of weeks to produce antibodies against the virus. PBMC proteome of 
mild and severe COVID-19 patients revealed a breakdown of T-cell function in severe 
COVID-19 patients compared to moderately symptomatic cases. T-cell receptor sub-
units, T-cell surface molecules, MHC class II molecules, T-cell migration stimula-
tors, and TCR signaling kinases are signifcantly reduced during severe COVID-19. 
Moreover, B cell antibody secretion is impaired during severe COVID-19, as implied 
by reduced immunoglobulin subunits expression in these patients. Therefore, more 
severe COVID-19 patients suffer a functional decline in adaptive immunity, which 
also corresponded with their more inadequate T-cell and B-cell populations (Liang 
et al. 2020). This two-act drama of immune response avoidance by the virus allows 
the virus to spread from one unwary host to another. The different viral proteins and 
their roles in pathogenesis and the viral life cycle have been summarized in Table 7.1. 

TABLE 7.1 

SARS-CoV-2 Proteins and Their Role in the Pathogenesis 

SARS-CoV-2 
Proteins Role in the Viral Life Cycle and Pathogenesis 

Nsp1 Interacts with 40S ribosomal subunit and inhibits host 
translation 

Suppresses interferon signaling and thus plays role in 
immune evasion 

Promotes viral gene expression and suppresses host 
gene expression 

Nsp2 Likely to interact with prohibitin 1 and prohibitin 2, 
host proteins that are involved in several cellular 
processes such as mitochondrial biogenesis, cell cycle 
progression, cell differentiation, and apoptosis. This 
interaction can potentially be responsible for 
disturbing host intracellular signaling and milieu 

Nsp3 It is a papain-like protease (PLpro) that cleaves nsp1, 
nsp2, and nsp3 from the viral polypeptide 

It plays a role in immune evasion by reversing 
posttranslational modifcations of host proteins 
(possess deubiquitinating and deISGylating activities). 
It plays a role in the inhibition of interferon-β response 

Along with nsp4, it induces membrane rearrangement 
resulting in the formation of double-membrane 
vesicles (DMVs). DMVs serve to anchor viral 
replication and transcription complexes 

Nsp4 nsp4 interacts with nsp3 and is involved in the 
formation of virus-induced double-membrane vesicles 
(DMVs) which are essential for viral replication 

Reference 

Schubert et al. 2020; 
Lei et al. 2020 

Yoshimoto 2020 

Freitas et al. 2020; 
Lei et al. 2020; 
Hagemeijer et al. 
2014 

Hagemeijer et al. 
2014; Sakai et al. 
2017 
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Nsp5 nsp5 is the main protease (Mpro, also known as 3C-like 
protease) that, after autolytic cleavage from pp1a and 
pp1ab, cleaves at least 11 sites in the viral polyprotein 

Nsp6 It is a multi-pass membrane protein that works along 
with nsp3 and nsp4 to induce double-membrane 
vesicles in infected cells. It is also involved in 
restricting autophagosome expansion and interferes 
with the delivery of viral components to lysosomes 

SARS-CoV-2 nsp6 suppresses IFN-I by binding to 
TBK1 and blocking STAT1 phosphorylation 

Nsp7 Along with nsp8, nsp7 acts as a cofactor for the 
RNA-dependent RNA polymerase activity of nsp12 

Nsp8 Along with nsp7, nsp8 acts as a cofactor for the 
RNA-dependent RNA polymerase activity of nsp12 

Nsp9 nsp9 is an RNA-binding protein. It is likely to interact 
with DEAD-box RNA helicase 5 (DDX5) host protein 
and promote viral replication 

Nsp10 Stimulates the methyltransferase activities of nsp14 and 
nsp16 

Interacts with host nuclear factor-kappa B-repressing 
factor (NKRF) to induce the production of IL-8 
(chemotactic factor for neutrophils) 

Nsp11 Independent function, if any, has not been described yet 

Nsp12 nsp12 is the RNA-dependent RNA polymerase (RdRp) 
with the ability to perform both replication and 
transcription of the viral genome. The nucleoside 
analog Remdesivir inhibits nsp12 

Nsp13 It has helicase activity which acts to unwind duplex 
RNA. The helicase activity is enhanced by nsp12 

It is also involved in the capping of the viral mRNA 
It is likely to interact with host TBK1 and TBKBP1 to 
inhibit type 1 IFN response 

Nsp14 nsp14 possesses 3′–5′ exoribonuclease (proofreading 
during RNA replication) and N7-guanine 
methyltransferase (viral mRNA capping) activities. 
Interacts with nsp10 

Nsp15 nsp15 is an endoribonuclease that cleaves RNA at the 
3′-ends of uridylates. It plays a role in immune evasion 
as it specifcally degrades viral RNA to escape from 
the host viral sensing mechanism 

It inhibits type 1 IFN response by binding to host RING 
fnger protein 41 and neuregulin receptor degradation 
protein 1 (Nrdp1, an E3 ubiquitin-protein ligase). Binding 
to Nrdp1 supports and aggravates TLR signaling-
dependent production of pro-infammatory cytokines 

Nsp16 nsp16 forms a complex with nsp10 
It is involved in viral mRNA capping. The 2′-O-ribose-
methyltransferase activity of nsp16 methylates the frst 
transcribed nucleotide—adenine—of the viral RNA 

Jin et al. 2020 

Cottam, Whelband, 
and Wileman 2014; 
Yoshimoto 2020; 
H. Xia et al. 2020 

Kirchdoerfer and 
Ward 2019 

Kirchdoerfer and 
Ward 2019 

Yoshimoto 2020 

Kumar 2020; 
Yoshimoto 2020; J. 
Li et al. 2020 

Suryawanshi et al. 
2021 

Kumar 2020 

Kumar 2020; 
Yoshimoto 2020 

Kumar 2020; 
Yoshimoto 2020 

Kumar 2020 

Kumar 2020; 
Yoshimoto 2020 

(Continued) 
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TABLE 7.1 (Continued) 

SARS-CoV-2 
Proteins Role in the Viral Life Cycle and Pathogenesis Reference 

Spike (S) The spike glycoprotein is essential for cellular entry of 
protein the virus. It interacts with the host ACE2 receptor 

ORF3a ORF3a is likely to stimulate the production of 
pro-infammatory cytokines via interaction with 
TRIM59 (E3 ubiquitin ligase) protein. TRIM59 is a 
negative regulator of NF-κB and IRF signaling 

It has an apoptosis-inducing property which is relatively 
lesser than ORF3a of SARS-CoV. This might be 
responsible for the mild and/or asymptomatic infection 
during the early stages, allowing SARS-CoV-2 to 
spread more widely. ORF3a of SARS-CoV is known 
to induce apoptosis by TRAF3- and ASC-mediated 
activation of NLRP3 infammasome 

Envelope It is an integral structural protein involved in viral 
protein assembly, egress, and pathogenesis. It can oligomerize 

and form viroporin 
The envelope protein of SARS-CoV-2 shares high 
sequence similarity with that of SARS-CoV. 
SARS-CoV E protein interacts with host protein— 
syntenin—to trigger the overproduction of pro-
infammatory cytokines via the p38 MAPK pathway 

It has been reported to interact with a host protein 
associated with tight junctions, PALS1, and can be 
responsible for disrupting the epithelial barrier in 
alveoli 

The ion channel (IC) activity of E protein viroporin 
activates NLRP3-infammasome leading to the 
production of IL-1 β. The IC activity of viroporin also 
contributes toward pulmonary edema and lung damage 

Membrane It is a major structural protein and is highly 
protein immunogenic. It is involved in the formation of capsid 

via interaction with N protein. It aids in the assembly 
and budding of virus particles 

In SARS-CoV, it has been shown to induce apoptosis by 
disrupting PDK1-PKB/Akt interaction 

ORF6 Interacts with Nsp8 to promote RNA polymerase 
activity 

It antagonizes IFNI response—interacts with an 
importin to prevent nuclear localization of IRF3 and 
ISGF3, leading to inhibition of IFN response 

ORF7a Type 1 transmembrane protein and an accessory 
protein. It is likely to interact with host immune cells 
like T-lymphocytes and macrophages. Antagonizes 
IFN-I response by inhibiting STAT2 phosphorylation 

ORF7b It is a type III integral transmembrane protein that 
localizes in the Golgi apparatus. It is incorporated in 
viral particles and may help in viral assembly 

Y. Huang et al. 2020 

Kumar 2020; Siu et 
al. 2019; Kondo, 
Watanabe, and 
Hatakeyama 2012; 
Y. Ren et al. 2020; 
Gordon et al. 2020 

Yoshimoto 2020; 
Kumar 2020; Chan 
et al. 2020; 
Jimenez-Guardeño 
et al. 2014; 
Schoeman and 
Fielding 2020; 
Nieto-Torres et al. 
2014 

Mahtarin et al. 2020; 
Yoshimoto 2020; 
Kumar 2020 

H. Xia et al. 2020; 
Yoshimoto 2020 

Nizamudeen et al. 
2021; Yoshimoto 
2020; Z. Cao et al. 
2021 

Kumar 2020; 
Yoshimoto 2020; 
Schaecher, 
Mackenzie, and 
Pekosz 2007 
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ORF8 Shown to interact with and downregulate the expression 
of class I MHC molecules through autophagy-
dependent lysosomal degradation. Thus, it helps the 
virus to evade immune surveillance by preventing the 
elimination of virus-infected cells by cytotoxic T cells 
(CTLs) 

Known to suppress the innate immune response by 
acting as an IFN antagonist 

ORF8 of SARS-CoV-2 has the lowest sequence 
similarity to that of SARS-CoV and can be responsible 
for some of the differences in the pathogenesis of the 
two viruses 

ORF9b It has been shown to inhibit type I interferon response 
by associating with TOM70. TOM70 is a 
mitochondrial adaptor protein involved in virus-
mediated induction of IFN response 

Interferes with RIG-I-MAVS viral-sensing pathway and 
subsequent production of IFNs. Targets NEMO 
(NF-κB Essential Modulator) 

Involved in host–viral interplay as antibodies against 
ORF9b have been reported in many COVID-19 
patients’ sera 

ORF9c ORF9c has been reported to upregulate IL-1, IL-6, and 
p38 MAPK signaling pathways and downregulate 
interferon, complement system, and antigen 
presentation-associated pathways 

ORF10 Non-essential 

Nucleocapsid It is immunogenic and a well-conserved 
protein multifunctional protein across the coronavirus 

family. It is primarily involved in the packaging of 
the viral genome and viral assembly. It also aids in 
viral RNA replication 

It regulates the cell cycle by inhibiting the cyclin-
CDK complex and thereby inducing hypo-
phosphorylation of retinoblastoma (Rb) protein. This 
prevents S-phase progression 

SARS-CoV-2 nucleocapsid protein has been shown to 
suppress cellular RNAi-mediated antiviral immunity 

It plays a role in innate immunity suppression by 
inhibiting type 1 interferon response and NF-κB 
pathway 

Yiwen Zhang et al. 
2020; J.-Y. Li et al. 
2020; Chan et al. 
2020 

Jiang, Zhang et al. 
2020; Jiang, Li et 
al. 2020; Lin, Paz, 
and Hiscott 2010; 
J. Wu et al. 2021; 
Gordon et al. 2020 

Andres et al. 2020 

Pancer et al. 2020 

J.-Y. Li et al. 
2020; Zeng et al. 
2020; McBride, 
van Zyl, and 
Fielding 2014; 
Mu et al. 2020; 
Yoshimoto 2020 

7.5 Conclusions and future perspectives 

National Genomics Data Center-China National Center for Bio-information 
(CNCB-NGDC) (CNCB-NGDC Members and Partners 2021; S. Song et al. 
2020) is preparing an online platform for COVID-19 research to make the pub-
lished fndings available to the researchers, clinicians, and industries. In addition 
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to understanding the current situation, the pertinent situations to be looked into 
are the long-term effect of COVID-19 on the recovered population, relapse, new 
variants, and therapeutic strategy for the long run. For reasons as yet unknown, 
a subset of the population, the effect of COVID-19 is far from over after the viral 
clearance (Mahase 2020). These patients continue to suffer the debilitating effects 
of COVID-19, much after being declared free of the virus itself, thus affecting their 
typical day-to-day functioning. A study on 201 patients suggests that nearly 70% 
had perturbations in one or more organs four months after their initial symptoms 
of SARS-CoV-2 infection (Iacobucci 2020; Carfì et al. 2020). Multi-omic stud-
ies on long COVID-19 patients and long-term longitudinal studies on completely 
recovered versus “long COVID” cohorts are the need of the hour to deepen our 
knowledge of this phenomenon. 

SARS-CoV-2 has a proclivity to mutate. A cursory glance at the Nextstrain por-
tal (Hadfeld et al. 2018), which is driven by data obtained from the GISAID reposi-
tory (Shu and McCauley 2017), will reveal the extraordinary breadth of mutations 
the virus has acquired in its short lifespan leading to 12 clades. Using genomic data 
available with GISAID (Shu and McCauley 2017), 42,177 amino acid replacements, 
175 coding region insertions, and 1,277 coding region deletions have been detected 
in the SARS-CoV-2 genome concerning the Wuhan-Hu-1 isolate (NC_045512.2) 
using CoV-Glue (Singer et al. 2020). Further, the virus’s ability to infect other 
mammals has led to the spillover of the infection to unsuspecting animals, which 
might reinfect the human host and lead to further mutations (P. Zhou and Shi 2021). 
All of this is a recipe for yet another wave of this amaranthine pandemic. The most 
common fallout of recurrent mutation is the rise of neutralizing antibody-escape 
mutants. Neutralizing antibodies are essential to prevent reinfection as well as viral 
clearance. However, because SARS-CoV-2 has spread far and wide in the human 
population with heterogeneous immune response and has been subjected to selec-
tion pressures, convalescent plasma therapy might dupe the existing antibodies by 
the guise of mutant strains. The spike protein, which associates with host ACE2 
protein during infection, is the most prone to mutations (Weisblum et al. 2020). 
In vitro experiments have also shown that this is a defnite possibility (Baum et 
al. 2020). There have been reports where reinfections have occurred due to phylo-
genetically distinct strains (Larson et al. 2020; To et al. 2020; Van Elslande et al. 
2020). With vaccination drives ongoing worldwide, the challenge of a neutralizing 
antibody-escape mutant raising its head is omnipresent, and vigilance is crucial. 
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8.1 Introduction 

SARS-CoV-2, a single-stranded RNA virus belonging to the coronaviridae family, 
has caused the worldwide pandemic. The average incubation period is fve days, and 
97.5% of the infected individuals will present symptoms within 11.5 days of infec-
tion. It has been reported that approximately 17–35% of the hospitalized patients 
are treated in ICU. Hypoxemic respiratory failure is the most common cause for 
admission into ICU (Wiersinga et al. 2020). Viral entry into the host cells is depen-
dent on angiotensin-converting enzyme 2 (ACE2) and transmembrane protease 
serine type 2 (TMPRSS2) (Hoffmann et al. 2020). The wide distribution of ACE2 
and TMPRSS2 receptors in other vital organs such as the heart, liver, and testis 
make those more susceptible to viral infection (Beyerstedt et al. 2021). In addition 
to the common clinical manifestations of the disease, complications such as acute 
kidney injury, gastrointestinal bleeding, arrhythmias, acute liver injury, and cardio-
myopathy have been observed (Figure 8.1). Extensive studies have reported acute 
hepatic failure, acute kidney injury, and myocardial infarction as consequences 
of the disease severity (Table 8.1). These fndings indicate that understanding the 
extrapulmonary involvement of SARS-CoV-2 is necessary. 

Currently, reverse transcription-polymerase chain reaction (RT-PCR) is the most 
commonly used method for diagnosing COVID-19 infection. Although many rapid 
antigen tests are available commercially, they are auxiliary to the RT-PCR test. 
Imaging modalities such as chest radiography, pulmonary US, chest CT, and angi-
ography are also used to diagnose COVID-19 supplementary to the RT-PCR test. 
Moreover, chest CT has been used to predict the prognosis of COVID-19 (Feng et 
al. 2020). Furthermore, a signifcant number of recovered patients may still have 
some impairment. There is enough evidence regarding the multi-organ involvement 
of COVID-19. However, the long-term prevalence of these complications is not well 
studied. With the current number of people who have been affected by COVID-19, 
the sudden surge in post-COVID-19 illnesses in recovered people may overwhelm 
the medical system. Therefore, monitoring these patients becomes necessary to 
prevent such diseases or to facilitate their prognosis (Balachandar et al. 2020). 
Thus, in this chapter, we review various complications of COVID-19 in different 
vital organs, probable long-term effects, and the role of omics technology. 

8.2 Effects of COVID-19 on vital organs 

Recent reports suggest that there is extrapulmonary involvement in patients infected 
with  SARS-CoV-2. This extrapulmonary involvement can be attributed to the local-
ization of ACE2—a cellular receptor for SARS-CoV-2—on different human cells. 
The transcriptomics-based studies reporting ACE2 and TMPRSS2 expression in 
the brain, liver, spleen, kidney, bone marrow, thymus, nasopharynx, oral and nasal 
mucosa, lung, small intestine, stomach, colon, lymph nodes, skin, arteries, and veins 
indicate the multi systemic nature of SARS-CoV-2 (Figure 8.2). In this section, we 
summarize the organ-specifc involvement of SARS-CoV-2 (Zhang et al. 2020). 
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FIGURE 8.1 The gene expression level of two crucial viral receptors (a) ACE2 and (b) TMPRSS2 
in human. The y-axis indicates the log10 value of transcripts per million in corresponding organs 
in x-axis. The expression profle was obtained from GTEX database. https://gtexportal.org/home/ 

https://gtexportal.org


 

 
 

 
 

 

TABLE 8.1 

Comorbidities and Clinical Complications of COVID-19 

Number Country/ 
of Patients Groups Median Area/ Existing Comorbidities Complications Due to 

 No. S. (N) Compared Age Study Type Region on Admission COVID-19 Conclusion 

1 Chen et al. 2020 274 Dead versus 62 Retrospective Shanghai, 
recovered observational China 

study 

2 Arentz et al. 2020 21 ICU patients 70 Case series Washington, 
USA 

HTN = 93(54+39), DM =
47(24+23)

CVD = 23 (16+4)
Chronic lung failure = 18 
(11+7)

Cerebrovascular = 4 (4+0) 
Chronic kidney disease = 
4 (3+1)

GI disease = 3(1+2)

COPD = 7, congestive 
heart failure = 9 

DM = 7
CKD = 10
ESKD = 2
Obstructive sleep apnea 
= 6 

ARDS = 196 (113+83)
Type I respiratory failure = 
18 (18+0)

ACI = 89 (72+18), HF = 44 
(41+3)

Hypoxic encephalopathy = 
24 (23+1)

AKI = 29(28+1)
Disseminated intravascular 
coagulation = 21 (19+2)

ALI = 13 (10+3), 1(1+0)

Coinfection with bacteria
=1, virus = 3

Acute kidney failure = 4, 
cardiomyopathy = 7 

Acute hepatic injury = 3
Seizure = 1
Death = 11
Still in hospital = 8
Recovered = 2 

Preexisting 
comorbidities to
some extent do 
affect the prognosis 
of COVID-19. 
However, 
regardless of their 
history, the 
prevalence of 
cardiovascular 
disease, acute
cardiac injury, and 
heart failure was 
more in deceased
patients than in
recovered patients 

High prevalence of 
cardiomyopathy 
suggests direct
involvement of 
heart in COVID-19. 
However, the 
sample size was too 
small to conclude
anything 
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3 Richardson et al. 5,700 Discharged, 63 Case series New York, 
2020 dead, and USA 

still in
hospital 

4 Argenziano 1,000 Level of 63 Case New 
et al. 2020 care series York, 

USA 

Cancer = 320, HTN =
3,026, CAD = 595

CHF = 371, Asthma = 
479, COPD = 287

Obstructive sleep apnea = 
154

Kidney disease: chronic = 
268, end-stage = 186,
liver disease = 19 

HTN = 601, DM = 
372, CAD = 131, 
congestive heart 
failure = 102, 
pulmonary disease 
= 223, asthma = 
113, COPD = 66, 
obstructive sleep 
apnea = 24, renal 
disease = 137, 
history of stroke = 
79, HIV = 21, viral 
hepatitis = 19, cir-
rhosis = 15 

AKI = 2,351 (1,869+481)
Acute hepatic injury = 56
(3+53)

ARDS = 299, AKI 
= 288, new onset 
arrhythmia = 79, new 
onset of heart failure 
= 24, myocardial 
infarction = 8* data 
for 850 patients 

The number of
deaths due to acute
kidney injury was 
more in patients
with diabetes than
in patients without
diabetes

Higher rate of 
incidence of 
AKI than previ-
ous reports. 
The morbidity 
and mortal-
ity rates were 
higher. The 
study provides 
anticipatory 
guidance dur-
ing the ongoing 
pandemic. 
Argenziano 
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FIGURE 8.2 Overview of extra pulmonary effects of SARS-CoV-2 and the list of organ-specifc 
manifestations. 

Source: This fgure was created using Servier Medical Art templates, which are licensed 
under a Creative Commons Attribution 3.0 Unported License; https://smart.servier.com. 

8.2.1 Respiratory system 

High ACE2 receptor expression in the lungs indicates that the lungs act as a poten-
tial proliferation site for the virus. The surface epithelial cells of alveoli, also 
called pneumocytes, are rich in ACE2, thus allowing the virus to enter, leading 
to lung function impairment. The lung biopsy report of a patient who died of 
COVID-19 showed the shedding of pneumocytes, pulmonary edema, and hyaline 
membrane formation, indicating acute respiratory distress syndrome (Xu et al. 2020). 
Most characteristic feature of patients’ lungs is injury to alveolar epithelial cells 
with fbroproliferation, capillary damage, bleeding, which leads to pulmonary 
hypertension or lung fbrosis (Mo et al. 2020). While the virus proliferates and 
affects the normal physiological function of the lungs, the host immune response 
to the virus worsens the physiology of the latter. This statement can be explained 
by the cytokine storm that gag the alveoli and the airway and, thus hinder the 
gaseous exchange (Prasad and Prasad 2020). Extensive studies on the lung func-
tion of SARS-CoV-2 survivors revealed insufficient diffusion capacity, pul-
monary dysfunction, and restrictive effects, which directly correlated with disease 
severity (Torres-Castro et al. 2020). To evaluate the respiratory dysfunction, obser-
vations are made based on different lung function tests like pulmonary function 

https://smart.servier.com
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test (spirometry), diffusion capacity, lung volume, and chest computed tomography 
(CT). Mo et al. showed the alteration of the respiratory evaluations in COVID-19 
patients at the time of discharge. As per their report, a signifcant decline of dif-
fusion capacity of carbon monoxide in COVID-19 patients suggests that diffusion 
membrane is one of the critical responsible factors for lung impairment (Mo et al. 
2020). These fndings engender a concern about the assessment of the long-term 
impact of SARS-CoV-2 infection on the lung. 

The previous study of SARS survivors had shown various degrees of anomalies 
in lung function, such as pulmonary function test, diffusion capacity, and impair-
ment of exercise at different time points after disease onset. This study reported 
a decline in forced expiratory fow, persistent abnormality in diffusion capacity 
(DLCO) at 24 months post-illness, suggesting the intra-alveolar diffusion pathway’s 
impairment. Besides, the CT scan images strengthened the evidence of functional 
impairment in the lungs. Opacity and air-trapping in the lungs were two prominent 
fndings in SARS patients’ CT images (Ngai et al. 2010). This study gave us an 
insight into the persistent SARS symptoms in the lungs. An extensive meta-analysis 
was conducted combining various cohort studies to understand the lung abnormali-
ties in postinfection COVID-19 patients. The study confrmed the prevalence of 
altered diffusion capacity in a higher percentage of COVID-19 patients after one 
month of their recovery (Frija-Masson et al. 2020). Intriguingly, one-fourth of the 
patient cohort in a study conducted by Zhao et al. (2020) were found with gave 
us an insight into the abnormal pulmonary diffusion in one-fourth of the patient 
cohort three months after discharge. The elevation of D-dimer, an important prog-
nostic marker for impaired diffusion capacity, draws attention to the proper care 
of the patients having no severe respiratory symptoms. More recently, Huang et 
al. (2021) showed the persistence of different pulmonary abnormalities in patients 
even after six months of disease onset. A considerable proportion of patients were 
identifed with lung diffusion impairment, most of them had disease severity dur-
ing their active phase of infection. The chest CT report of those patients confrmed 
the consistency of ground-glass opacity with irregular lines due to this disease. 
Accounting for all studies reported to date, it is clear that persistance of disease 
consequences is more in severe patients than non-severe individuals. 

8.2.2 Cardiovascular system 

The heart is the second organ targeted by the SARS-CoV-2 virus due to the higher 
expression of ACE2 in the heart muscle. According to scRNA seq data, more than 
7.5% of myocardial cells expressed ACE2 (Zou et al. 2020). This renders the cardio-
myocytes highly susceptible to attack by SARS-CoV-2. ACE2 is a protector of the 
vascular system. Intuitively, ACE2 impairments lead to severe cardiac dysfunction, 
increased atherosclerosis, and endothelial damage. The incidence rate of myocar-
dial injury due to the cardiovascular complication of COVID-19 is 8–12%. Notably, 
a higher prevalence of cardiovascular diseases and myocardial injury in patients 
admitted to ICU has been reported (Bansal 2020). Shaha and his colleagues (2020) 
summarized the putative mechanism of acute cardiac injury in COVID-19 patients. 
They summarized thatsystemic infammatory response syndrome (SIRS)/cytokine 
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storm inciting dysregulated immune response, oxygen supply–demand mismatch 
due to hypoxia, microvascular injury as a result of microvascular thrombi for-
mation, direct cardiotropic myocardial injury, and SARS-CoV-2-induced ACE-
mediated damage are potential causes of acute cardiac injury (ACI). 

Previously, the SARS-CoV RNA has been detected in 7 out of 20 autopsy heart 
samples from COVID-19 patients. Moreover, subsequent staining also had dem-
onstrated macrophage infltration with associated myocardial damage (Oudit et 
al. 2009). This indicates that SARS-CoV can infect myocardial cells; however, 
whether these fndings can be associated with SARS-CoV-2 remains undetermined 
as no study till now has reported the presence of SARS-CoV-2 RNA in myocardial 
cells. Nonetheless, the occurrence of severe myocarditis has been reported in sev-
eral cases (Agricola et al. 2020). Bradley et al. (2020) have reported that in autopsy 
samples, the SARS-CoV-2 RNA was detected in myocardiocytes. However, immu-
nohistochemical and electron microscopic fndings did not show the presence of 
RNA. This can be due to contamination by the circulating virus as the person pre-
sented with viremia. In addition, immunohistochemistry of all 14 autopsy samples 
showed interstitial fbrosis followed by myocyte hypertrophy, replacement fbrosis, 
and myocardial amyloid. Moreover, they observed that cardiac fndings were non-
specifc and associated with preexisting comorbidities (Bradley 2020). In addition, 
Puntmann et al. (2020) reported abnormal cardiac MR fndings in 78 patients who 
have recently recovered from COVID-19. They reported that these patients pre-
sented at least one of the following on CMR: myocardial native T1 (n = 73), raised 
myocardial native T2 (n =60), myocardial late gadolinium enhancement (n = 32), or 
pericardial enhancement (n = 22). 

Troponin is a protein present in the heart muscle that regulates normal heart 
function. In COVID-19 patients, the troponin levels are often found to be elevated 
(Wang, Hu et al. 2020). In their study evaluating CMR fndings in patients who 
have recently recovered from COVID-19, Puntmann et al. (2020) have reported that 
high-sensitivity troponin T (hsTnT) signifcantly elevated in 5 patients and detect-
able in 71 patients. 

8.2.3 Nervous system 

The central and peripheral nervous systems are the other hotspots of ACE2 recep-
tors, making them more susceptible to SARS-CoV-2. Thus, neurological abnor-
malities are common manifestations observed in 45% of severe patients and 85% 
of patients having ARDS. The neurological manifestations range from non-spe-
cifc symptoms like headache, dizziness, and smell loss seen in patients with mild 
COVID-19 to critical conditions like encephalopathy, ischemic stroke, and brain 
damage in severe patients. 

There is a huge rift in the direct infection of the virus in the brain among research-
ers; two shreds of evidence confrmed the presence of SARS-CoV-2 in cerebrospi-
nal fuid and temporal lobe. To assess the direct pathogenicity of the virus, Ladecola 
and his team proposed possible mechanisms of viral entry into the brain deriving 
from brain invasion strategies of other coronaviruses. The blood–brain barrier is 
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the common route of SARS-CoV-2 for brain invasion, where the olfactory lobe 
also plays an essential role for the same (Iadecola et al. 2020). Erickson et al. sum-
marized that the infammatory cytokines secreted in response to viral infection are 
critical for breaching the blood–brain barrier, often accompanied by comorbidi-
ties like preexisting cardiovascular disease or neurological disease (Erickson and 
Banks 2018). The presence of viral nucleocapsid protein in CD68+ cells and viral 
RNA in macrophages in the bronchoalveolar lavage samples indicates that infected 
immune cells are carriers for viral entry into the brain (Bost et al. 2020). 

Although the prolonged consequences of COVID-19 on the brain are still not 
fully understood, a few studies reported acute disseminated encephalomyelitis, 
acute hemorrhagic encephalopathy, and Guillain–Barre syndrome as postinfec-
tious neurological manifestations in COVID-19 survivors. These complications 
are characterized as immune-mediated manifestations that include both central 
and peripheral nervous systems. Therefore, these fndings generate a concern to 
assess the possibilities of various neuropathies and neurodegenerative diseases in 
COVID-19 recovered patients. 

8.2.4 Excretory system 

The kidney plays a vital role in fltering out various toxins, waste products, and 
extra water from our body. Initial reports on the burden of acute kidney injury 
(AKI) during SARS-CoV-2 infection indicated a moderately low (about 0.5%) 
burden. However, recent studies reported an incidence going up to 56.9% and is 
associated with mortality in COVID-19 patients (Cheng et al. 2020). Nadim et al. 
(2020) reported that AKI affects >50% of ICU patients and >20% of hospitalized 
patients. Liu et al. (2021) summarized that the AKI in patients with COVID-19 
can be caused by viral load–induced cytotoxicity of renal resident cells, kidney 
hyperfusion due to symptoms like fever, vomit, diarrhea, and shock, the nephro-
toxicity of some drugs, and organ crosstalk such as cardiorenal syndrome, hypoxia, 
and rhabdomyolysis. Moreover, mechanical ventilation and comorbidities such as 
hypertension, diabetes, chronic cardiology disease, or chronic liver disease can 
also lead to AKI in patients with COVID-19. 

As per Dong et al. (2020), the ACE2 expression in normal kidneys is enriched in 
proximal tubule cells and it is not expressed in immune cells and glomerular pari-
etal epithelial cells. Suryawanshi et al. (2020) analyzed 14 distinct tissue scRNA-
seq datasets and determined that in the kidney, proximal tubular cells and tubular 
progenitor cells co-expressed ACE2 and TMPRSS2. High ACE2 and TMPRSS2 
expression levels in nephron epithelial cells, endothelial cells, and mesangial cells 
of the kidney were observed from the scRNA-seq data from the GEO dataset 
(GSE134355) (Figure 8.2). These data showed that both ACE2 and TMPRSS2 were 
highly expressed in tissues and cells of the kidney. Many studies have presented 
evidence for prominent acute tubular injury, collapsing glomerulopathy, and exten-
sive acute tubular injury through biopsy or autopsy. Besides, some studies have 
reported the presence of viral RNA or protein. However, some studies were unable 
to detect SARS-CoV-2 RNA in kidney tissue, urine, and serum. 
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Recent reports suggest that rhabdomyolysis and hyperkalemia occur in 7–20% 
and 23% of patients with evidence of COVID-19 AKI. The latter has been associ-
ated with metabolic acidosis. Biopsy samples on observation using light micros-
copy have demonstrated the evidence of injury that ranged from mild injury with 
ultrastructural evidence of glomerular subendothelial space widening and/or loss 
of endothelial cell fenestrae to severe injury manifest by endothelial cell swelling 
and fbrin thrombi within glomerular hilar arterioles and small arteries (Akilesh 
et al. 2021). In addition, postmortem fndings for severe fatal COVID-19 revealed 
extensive ATI and a surprising endothelial injury pattern, with evidence for direct 
parenchymal tubular epithelial and podocyte viral infection on light microscopy 
(Su, Yang et al. 2020). In a study, Huang et al. (2021) performed ultrasonography 
for 390 patients six months after recovering from COVID-19. They reported no 
abnormality in the kidney morphology and size. Moreover, they reported that 13% 
without AKI and normal eGFR during the acute phase had decreased eGFR after 
six months. Decreased eGFR is a hallmark of AKI. Therefore, this necessitates 
follow-up of recovered patients to reduce morbidity and mortality. 

8.2.5 Reproductive system 

The SARS-CoV-2 infection has been shown to have various implications in dif-
ferent organs. The reproductive system, mainly the male reproductive system, is 
one of the most potential targets of SARS-CoV-2 due to the high abundance of 
TMPRSS2 and ACE2 receptor expression in testes (Wang and Xu 2020). There is 
still a confict about the presence of SARS-COV-2 in semen samples. Diangeng et 
al. showed the presence of the virus in semen samples in 15.8% of a cohort from 
China by RT-PCR (Li et al. 2020). In contradiction to the previous study, Kayaslaan 
et al. (2020) confrmed the absence of the virus in semen samples collected from 
the Turkish population. 

Despite the constant debate on viral protein detection in semen, the major con-
cern in society is the assessment of virus-mediated male fertility. The pathological 
fndings of SARS-CoV-2-infected patients’ gonad signify the implications of the 
virus in male reproductive health. Yang et al. (2020) reported moderate to severe 
injury to Sertoli cells and seminiferous cells in 90% of the cohort included in the 
study with a signifcant reduction of Leydig cells. Histological signs of orchitis in 
testicles and microthrombi in prostates are two major observations made in infected 
patients (Duarte-Neto et al. 2020; Wichmann et al. 2020). Along with the histo-
pathological study of the male gonads, assessing sex hormones would also provide 
an insight into their functionality. Patients with severe infection were shown to have 
low testosterone levels with high expression levels of luteinizing hormone, sugges-
tive features of testes dysfunction (Madjunkov et al. 2020). 

It would be interesting to investigate the negative impact of SARS-CoV-2 on 
semen parameters, including sperm count, motility, morphology, etc. Sperm count 
and sperm motility were shown to dwindle in patients with a moderate infection, 
while no such observations were made in patients with mild infection (Holtmann et 
al. 2020). Some studies investigated the impact of SARS-CoV-2 infection on female 
reproductive health. The expression level of viral receptor ACE2 is relatively lesser 
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in the ovary, fallopian tube, vagina, and cervix compared to male gonads. A meta-
analysis showed the prevalence of the infection in pregnant women constituting 
10% of the total COVID-19-infected individuals (Allotey et al. 2020). The granular 
understanding of the negative impact of SARS-CoV-2 on the female reproductive 
system is yet to be evaluated; also the prolonged consequences of this viral infec-
tion are still unearthed. 

8.2.6 Gastrointestinal tract 

Diarrhea, nausea, anorexia, vomiting, or abdominal pain are some typical gastro-
intestinal (GI) tract symptoms manifested during COVID-19 infection. In a study 
evaluating 1,141 patients from Wuhan, China, 16% of the patients only presented 
gastrointestinal symptoms, and anorexia was the most common symptom (Luo et 
al. 2020). Diarrhea is the most common GI tract symptom associated with COVID-
19, with a 5–10% pooled prevalence. Other typical symptoms such as anorexia, 
nausea, and vomiting, abdominal pain have a pooled prevalence of 26.8%, 7.85%, 
and 3.9–6.8%, respectively. Although all the studies present evidence for GI symp-
toms, none of them has documented the severity of these symptoms. Moreover, GI 
symptoms can develop for various reasons, and studies associating the cytopathic 
effects of the virus with the development of GI symptoms are limited. In addition, 
as COVID-19 is mainly associated with lower respiratory tract infection, patients 
presenting only gastrointestinal symptoms may be overlooked, delaying the diag-
nosis and further affecting the prognosis. 

Viral entry into the host cells is crucial for the progression of the infection. 
The putative pathways for viral entry into the GI tract are via salivary secretions. 
However, the virus has to endure a highly acidic environment of the stomach. 
Darnell et al. (2004) observed viral inactivation at extreme acidic pH. Therefore, 
viral inactivation by gastric acid potentially inhibit viral entry, unless the patient has 
hypochlorhydria. However, in a study by Xiao et al. (2020), histological staining of 
esophageal, gastric, duodenal, and rectal tissues obtained using endoscopy showed 
the presence of ACE2 and viral nucleocapsid. ACE2 expression was detected in the 
upper esophagus, stratifed epithelial cells, and absorptive enterocytes of the ileum 
and colon, duodenum, jejunum, and caecum (Dong et al. 2020). Lee et al. reported 
that the co-expressions of ACE2 and TMPRSS2 transcripts were mainly observed 
in the small intestine and colon using published scRNA-seq data and seven in-
house normal colon samples. This indicated that the virus could infect the stomach 
tissues due to the high expression of ACE2 and TMPRSS2, which are required 
for viral entry. Altered gut fora due to increased release of pro-infammatory 
cytokines and other markers of infammation, use of antimicrobial medication for 
COVID-19, the gut–lung axis, and change in pathogenic organism ratio, aberrant 
mTORC activity due to ACE-2 receptor binding. However, these mechanisms are 
hypothetical and require reliable evidence to conclude their role in developing GI 
symptoms in COVID-19 patients. Recent article has summarized that viral RNA 
could be detected using fecal samples irrespective of the disease severity and even 
after the patient tested negative on nasopharyngeal swab RT-PCT test (Xiao et al. 
2020). Moreover, the possibility of COVID-19 transmission through the fecal–oral 
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route has been suggested by two studies (Trypsteen et al. 2020; Gavriatopoulou 
et al. 2020); however, substantial evidence is required for confrming this hypoth-
esis. Therefore, patients showing GI tract symptoms should also be referred to the 
RT-PCR test for COVID-19 for early diagnosis. 

8.2.7 Liver 

The tropism of SARS-CoV-2 for liver tissue suggests that the liver can be a poten-
tial active proliferation site for viruses. The presence of SARS-CoV-2 RNA in stool 
and blood strengthens the possibility of direct viral infection in the liver (Yeo et 
al. 2020). An in-depth study on viral receptor expression in liver tissue suggested 
the enrichment of ACE2 receptors in cholangiocytes, thus providing an insight into 
the direct interaction of the SARS-CoV-2 virus with cholangiocytes to impair liver 
function (Chai et al. 2020). Lenti et al. (2020) performed a study on 100 consecu-
tive patients to understand the impact of viral infection on liver function. They 
performed the routine biochemical test for the liver functional assessment, includ-
ing the measurement of alanine aminotransferase (ALT), gamma-glutamyl trans-
peptidase, and total bilirubin. This study confrmed the alteration of liver function 
in 62.4% of patients at the stage of active infection which gradually improved 
after the recovery. As most of the studies reported the association of lung impair-
ment with SARS-CoV-2 infection, the confrmation of viral clearance after their 
recovery is highly needed. An et al. (2021) compared the liver functional impair-
ment during the hospitalization and after hospitalization at their recovery stage. 
The study showed very less improvement of liver function even after 40 days of 
post-COVID-19 infection. Nevertheless, the multiple factors responsible for the 
alteration of liver function, including epidemiological characteristics, and clini-
cal manifestations, medications might worsen the disease outcomes. Thus, a com-
prehensive study investigating the long-term consequences of COVID-19 on liver 
function needs to be conducted. 

8.3 Multi-omics strategy in COVID-19 research 

The term “omics” implies the assessment of the global set of molecules present in 
an organism. Advancement of omics technologies, viz., genomics, transcriptomics, 
proteomics, and metabolomics, have enabled identifying disease biomarkers 
with high specifcity and understanding the disease phenotype based on statisti-
cal inference. The combined analysis of single-nucleotide polymorphism (SNP), 
gene expression data, and RNA-seq data contribute to identifying the gene-level 
changes or genetic mutations in response to disease. In addition, Gene Ontology 
and KEGG pathway–based analysis provide an insight into the gene mutation– 
associated perturbed pathway. In this context, the terms “epigenomics” and “tran-
scriptomics” shed light on the alteration of epigenetic modifcations and transcript 
variants generated in response to complex disease. Several studies revealed the 
direct correlation of transcriptomics data with proteomics data. Herewith, the new 
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omic technology “translatomics” has been brought forward which only focuses on 
the mRNA that translates into protein sequence. On the other hand, proteomics 
supplements other omic technologies to determine the structure, function, and 
modifcations of the entire proteome present in a biospecimen and plays a crucial 
role in identifying disease-specifc biomarkers. The alteration of protein functions 
also refects at the metabolite level, hence the comprehensive metabolic analysis 
helps to identify the altered metabolic pathways in response to disease. 

8.3.1 Genomics 

Since the beginning of the COVID-19 pandemic, researchers all over the world 
are exploring multi-omics technologies to understand viral pathobiology. Among 
all the omics technologies, genomics has emerged as a promising strategy in 
deciphering the viral genome and its interaction with hosts. The high-throughput 
genomics technology, i.e., next-generation sequencing (NGS), helped researchers 
understand the viral genome’s dynamicity and deducing the viral structural pro-
teome. Different types of nucleic acid amplifcation tests (NAATs), including con-
ventional RT-PCR, RT-LAMP, CRISPR technique, and Cartridge-based nucleic 
acid amplifcation test, are the most popular genomic techniques used for the diag-
nosis of viral infection with high specifcity. Illumina COVID-Seq is a US-FDA 
approved NGS platform used to qualitatively detect the virus in respiratory speci-
mens like- nasopharyngeal swabs. MinIon-based amplicon and metagenomic 
sequencing, nanopore target sequencing, and SARS-CoV-2 droplet digital PCR are 
modifed genomics technologies developed for viral detection (Rai et al. 2021). 
A genomics-based study on SARS-CoV-2 shows the role of genome sequencing 
in determining the mutational degree of therapeutic targets, thus helping in the 
identifcation of potential therapeutic targets with less degree of mutation (Wang, 
Huang et al. 2020). Along with that, genomics technologies also assist in deducing 
the evolutionary trajectory and its epidemiological characteristics (Nakagawa and 
Miyazawa 2020). Wang, Hozumi et al. (2020) demonstrated the role of genomics 
technology in determining the phenotypic characteristics associated with disease 
severity. Using whole-genome sequencing, they identifed GOLGA3 and DPP7 as 
two signifcant functional variants in COVID-19-infected patients. The compara-
tive analysis between mild and severe patients showed a signifcant variation in the 
IL-1 gene. No evidence on the investigation of long-term consequences of COVID-
19 using advanced genomics technologies has been reported yet. 

8.3.2 Transcriptomics 

The transcriptome is dubbed as the snapshot in time of the total transcripts pres-
ent in the cell. Microarrays and RNA-Seq are two fundamental contemporary 
transcriptomics techniques that use high-throughput sequencing to capture all 
sequences (Lowe et al. 2017). Transcriptomics analysis of virus-infected cells 
is essential for identifying host immune response dynamics and gene regulatory 
networks. Understanding the mechanism and host response against SARS-CoV-2 
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is necessary as the world still grapples with the pestilence (Islam et al. 2021). 
Intuitively, many researchers have performed transcriptomics analysis using vari-
ous samples such as blood, peripheral blood mononuclear cells, nasopharyngeal 
swab, and bronchoalveolar lavage fuid. These studies have demonstrated that pro-
infammatory cytokine release might be a hallmark of COVID-19 patients and cor-
related with the disease severity. It was also observed that pathway alterations were 
more signifcant in severe patients, and a particular set of genes is induced to a 
greater extent by COVID-19. These expression signatures can be translated in a 
clinical setting for early prediction of disease outcomes and avoid fatal outcomes. 
Moreover, some researchers have also used transcriptomics for determining thera-
peutic targets or repurposable drugs using preexisting datasets (Jain et al. 2021). 

In a single-cell RNA sequencing-based study, Pan et al. demonstrated that AKI in 
COVID-19 patients can be due to cytopathic effects of SARS-CoV-2 on podocytes 
and proximal straight tubule cells. Although their fndings are essential for avoid-
ing AKI in COVID-19 patients, the analysis was done using normal kidneys and 
evaluated the cytopathic effects of SARS-CoV-2 based on ACE2 and TMPRSS2 
expression. Therefore, further studies demonstrating evidence of cytopathic effects 
of SARS-CoV-2 are necessary (Lowe et al. 2017). Studies assessing the extrapul-
monary damage and long-term effects of COVID-19 are still lacking. 

8.3.3 Proteomics 

Proteomics has brought a paradigm shift in the way researchers think about biomarker 
discovery, and revolutionized the concept of precision medicine. Proteomics paves the 
way to combat COVID-19 by revealing the viral infection biology and host response to 
the infection. Lateral fow immunoassay is another advanced diagnostic assay devel-
oped for SARS-CoV-2 detection within 10–15 minutes (Pan et al. 2020). Advanced 
proteomics technologies like protein microarray and mass spectrometry have con-
quered the loopholes of conventional techniques in terms of protein quantifcation and 
characterization. Recently, Park et al. performed a global plasma proteomic analysis of 
COVID-19-infected patients to identify prognostic markers for disease severity. They 
reported dysregulation of the complement cascade, platelet function, neutrophil acti-
vation, and elevation of cytokine-like- interleukin 1, tumor necrosis factor in response 
to SARS-CoV-2 infection (Park et al. 2020). In addition, Cardozo showed the poten-
tiality of mass spectrometry–based targeted proteomics for the detection of SARS-
CoV-2 in respiratory samples with enduring specifcity and sensitivity. 

While most of the research has been focused on understanding the host response to 
viral infection, a few have been focused on the proteomics-based characterization 
of SARS-CoV-2-induced multi-organ injury. In a minireview, Lachen-Montes et al. 
articulated the correlation between olfactory loss and SARS-CoV-2 infection from 
a proteomics perspective (Lachen-Montes et al. 2020). A comprehensive study by 
Nie et al. (2021) revealed the alteration of protein profling in multiple organs’ 
autopsy samples of COVID-19-infected patients as compared to control. This study 
gives us an insight into the dysregulation of pathways in multiple organs, includ-
ing glucose and fatty acid metabolism, hypoxia, coagulation, fbrosis, etc. Also, 
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they reported the suppression of cholesterol biosynthesis in Leydig cells and the 
reduction of sperm motility. No such evidence on the persistent effects of the viral 
infection on multiple organs using proteomics technologies has been reported yet. 

8.3.4 Metabolomics 

Metabolomics refers to the comprehensive and quantitative analysis of all metab-
olites-small molecules (<1,000 Da) that play a crucial role in managing pathways 
in any organism in biological samples. Metabolites can be extracted from urine, 
saliva, or blood samples, which makes them easily accessible and desired biospeci-
mens for biomarker search. Recent studies are mainly focused on understanding 
the effects of COVID-19 on metabolite profle of hospitalized individuals for study-
ing the effect of disease severity and determining prognostic markers or therapeutic 
targets (Overmyer et al. 2020; Su, Chen et al. 2020; Sindelar et al. 2021; Roberts et 
al. 2020). Nonetheless, a recent study has reported the effect of COVID-19 patients 
three months after they were discharged from the hospital. The changes in the 
metabolome of the patients provided insights into the recovery from COVID-19. 
Even three months after discharge, the metabolite profle of recovered COVID-
19 patients was different from a healthy control. On pathway analysis, metabolic 
alterations were observed in amino acids, purine, glycerophospholipid metabolism, 
citrate cycle (TCA cycle), and glyoxylate and dicarboxylate metabolism pathways. 
These alterations were closely related to pulmonary, hepatic, renal, microbial, 
energetic metabolism, and infammation (Wang, Xu et al. 2020). Another study 
observed the metabolic profle of plasma from COVID-19 recovered patients three 
months after they were discharged. The cohort contained survivors who had pul-
monary sequelae even three months after discharge. The alterations observed were 
mainly observed in amino acid and glycerophospholipid metabolic pathways; they 
were associated with the severity of the disease. The difference between the meta-
bolic profle of survivors with pulmonary sequelae and healthy donors indicates 
that plasma metabolic profle can be used to monitor pulmonary dysfunction (Xu 
et al. 2021). Such studies can also be extended to understand the extrapulmonary 
effects of COVID-19, particularly in patients who have severe disease. 

8.4 Future application of omics for the 
prognosis of disease consequences 

The rapid and accurate investigation of post-COVID infection is crucial to combat 
the virus-mediated multi-organ injury. A few studies have been reported on the con-
sequences of the diseases on vital organs like lungs, kidney, heart, and liver after one 
to three months of disease remission based on the clinical symptoms. Huang et al. 
frst showed the consequences of viral infection six months postinfection. The per-
sistence of muscle weakness, altered sleep cycle, and anxiety are the most common 
manifestations observed in COVID-19 survivors after six months of their recovery. 
The impaired lung function was the most crucial disease consequence that needed to 
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be taken care of with high priority. The current approaches used for the determina-
tion of the long-term effect of COVID-19 in different organs include mostly CT-scan, 
X-ray imaging, and routine blood examination for different biochemical factors. The 
X-ray or CT of the chest is mostly used to determine the structural abnormalities of 
lungs within tissue like ground-glass opacities, pulmonary interstitial, and peripheral 
distributions that occurred due to COVID-19 infection. Total lung capacity, diffusion 
capacity, and forced expiratory volume are other parameters used for lung function 
tests. Electrocardiogram (ECG) and MRI are two extensively used tools that refect 
the cardiac dynamicity in response to viral infection. Biochemical tests like ALT 
level, AST level, CRP level, troponin, albumin to creatinine ratio, and glomerular 
fltration rates are assessed to determine the functional changes in liver, heart, and 
kidney, respectively. The time consumption, laborious activities, availability of com-
mercial kits, and specifcity make the wide application of these techniques limited. 

Recent studies have tried capturing the alterations in metabolic and proteomic pro-
fles for COVID-19 survivors. These studies have addressed the fact that a robust 
body of evidence can aid in understanding the underlying mechanisms and deter-
mining prognostic markers. Therefore, multi-omics follow-up studies should be con-
ducted in the future. These studies will help us decrease the effect of post-COVID-19 
complications on the survivors’ quality of life. The studies may include samples such 
as swabs, plasma, PBMCs, urine, or stools. In addition, in case of organ-specifc 
complications, they can include biopsy samples (Figure 8.3). Currently, some stud-
ies have studied the extrapulmonary effects of COVID-19 using autopsy samples. 

FIGURE 8.3 Putative multi-omics approach for understanding the post-COVID-19 complica-
tions. Abbreviations: MAR, months after recovery. 

Source: This fgure was created using Servier Medical Art templates, which are licensed 
under a Creative Commons Attribution 3.0 Unported License; https://smart.servier.com. 
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These studies have observed organ injury or dysregulation in pathways on histopatho-
logical and mass spectrometric analysis, respectively. These techniques can also be 
extrapolated to the biopsy samples to determine the dysregulated state’s persistence 
at follow-ups. The availability of a suffcient biopsy sample to perform the multi-
omics study is extremely challenging, hence investigating the alteration of circulatory 
biomarkers in follow-up cases is an unmet need. For example, Clara cell protein 6, 
surfactant protein D, desmosine, and matrix metalloproteinase 9 are established lung-
specifc markers. The levels of these proteins can be compared at different stages 
of infection and follow-up studies (Engström et al. 2012). In this regard, integrated 
omics-based investigation of COVID-19 survivors will provide a holistic overview of 
the long-term consequences of the viral infection and a way to combat the disease. 
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9.1 Proteins, diseases, and drug action 

The great majority of pharmacologically active compounds currently in use bind 
and modulate the activity of proteins. The recent proteomic technologies allow 
for the holistic characterization of many proteins and have proven to be valu-
able in practically every aspect of the drug discovery and development program. 
Further, the protein–protein interactions are crucial because many proteins 
function by forming biocomplexes (Kuzmanov and Emili 2013). Altered protein 
activity, be it in terms of function, structure, or protein–protein interaction, is 
at the core of any medical condition (Frantzi, Latosinska, and Mischak 2019). 
The four types of macromolecules (proteins, nucleic acids, polysaccharides, and 
lipids) that can be targeted for therapeutic intervention, proteins represent the 
largest class of targets amenable to pharmacological modulation (Hopkins and 
Groom 2002). 

9.2 Omics-based approaches for COVID-19 drug repurposing 

9.2.1 Role of clinical proteomics in targeted drug repurposing 

Proteomic studies have led to the identifcation of altered host pathways, includ-
ing but not limited to neutrophil activation and degranulation, complement sys-
tem, blood coagulation, and hemostasis, lipid metabolism, macrophage function, 
platelet aggregation, and degranulation, amino acid metabolism, infammation, 
and acute-phase response, cytokine and interferon signaling, and T-cell-mediated 
immunity, the dysregulation of which underlie the pathophysiology of COVID-19 
(Barh et al. 2020; D’Alessandro et al. 2020; Leng et al. 2020; Messner et al. 2020; 
Filbin et al. 2020; Shen et al. 2020; Su et al. 2020; Hou et al. 2020; Chen et al. 2020; 
Li, Zhao, and Zhan 2021). The drugs targeting these pathways are an effective 
strategy to reduce the severity of disease and combat infection. For instance, FDA-
approved anti-infammatory drugs like Colchicine and Anakinra are undergoing 
clinical trials to treat COVID-19 (ClinicalTrials.gov identifers: NCT04326790 and 
NCT04603742, respectively). Dipyridamole is another FDA-approved drug and 
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an inhibitor of blood coagulation that has shown marked clinical improvement in 
severely ill COVID-19 patients (X. Liu et al. 2020). Elevated interleukin 6 and 8 
(IL-6 and IL-8) levels, which are responsible for excessive infltration of neutro-
phils at the site of infection, were identifed to be associated with severe COVID-19 
(Li et al. 2021; Del Valle et al. 2020). Tocilizumab, an anti-IL-6 monoclonal anti-
body, and an anti-IL-8 antibody are under consideration to control the infamma-
tory response in COVID-19 patients (ClinicalTrials.gov Identifer: NCT04317092 
and NCT04347226, respectively) (Stone et al. 2020; Luo et al. 2020). Thus, clinical 
proteomics can prove highly advantageous for the speedy identifcation of thera-
peutic targets for drug repurposing. 

9.2.2 In vitro SARS-CoV-2-infected cell culture 
model for proteomics analysis 

Cell line–based in vitro infection models require minimal ethical clearance and 
can be set up quickly. Therefore, proteome analysis of in vitro infection models has 
been utilized as a rapid means to conduct preliminary studies to identify funda-
mental cellular processes and host factors affected during infection. For instance, 
Bojkova et al. looked at the perturbations in the proteome of Caco-2 cells, a human 
cancer cell line, in response to SARS-CoV-2 infection, revealing critical cellular 
pathways, viz., carbon metabolism, nucleotide biosynthesis, splicing, and proteo-
stasis, among others, pertinent to viral pathogenesis (Bojkova et al. 2020). They 
studied the antiviral activity of inhibiting these pathways on SARS-CoV-2 infec-
tion, thereby identifying new drugs and drug targets (Bojkova et al. 2020). They 
observed inhibition of SARS-CoV-2 by Ribavirin (an FDA-approved antiviral 
drug and an inhibitor of nucleotide synthesis) and 2-deoxy-d-glucose (an antican-
cer drug and an inhibitor of carbon metabolism), both of which are undergoing 
clinical trials for COVID-19 (NCT04494399, CTRI/2020/06/025664) (Hung et 
al. 2020; Verma et al. 2020). In another study, Bouhaddou et al. investigated the 
phosphoproteome of SARS-CoV-2 infected Vero E6 cells (a cell line originating 
from an African green monkey) using Mass Spectrometry (MS)–based approach 
(Bouhaddou et al. 2020). They studied alterations in the phosphorylation pattern 
of proteins and mapped the changes to disrupted kinases and pathways, highlight-
ing how the virus utilizes the posttranslational regulatory systems to orchestrate 
changes in cellular signaling (Bouhaddou et al. 2020). They further identifed 
68 inhibitors against the most differentially regulated kinases and tested them 
for cellular toxicity and antiviral activity resulting in the prioritization of several 
FDA-approved drugs or at different stages of clinical development (Bouhaddou et 
al. 2020). Thus, proteomics of infection models is an attractive strategy to study 
the cellular processes modulated in response to infection and identify therapeutic 
targets for drug repurposing. 

9.2.3 Interactomics: Discipline connecting biology with informatics 

Technological advances in omics-based technologies have enabled the charac-
terization of the interactome, leading to a feld of study called “interactomics”, 

http://ClinicalTrials.gov


 

 
 
 
 

 
 
 
 
 
 

 
 
 
 

 
 
 

 

 
 

 

 

 
 

 
 

 

 
 

172 Multi-Pronged Omics Technologies to Understand COVID-19 

which has been instrumental in resolving the functional diversity and complex-
ity of a cell at a whole new level. Some of the biological processes indispens-
able to the viral life cycle are performed by protein complexes of multiple units 
rather than single proteins. For example, non-structural proteins 7 and 8 (nsp7 
and nsp8) aid in the RNA-dependent RNA polymerase function of nsp12 by 
forming an essential protein complex (Gao et al. 2020). Disruption of cardinal 
virus–virus or host–virus interactions is an effective strategy to combat infec-
tion. Interactomics that seek to characterize such interactions has been greatly 
facilitated by affnity–purifcation mass spectrometry. Gordon et al. expressed 
affnity-tagged SARS-CoV-2 proteins in human cells and co-purifed human 
proteins interacting with the viral proteins by affnity chromatography, and 
then identifying the human proteins by mass spectrometry (Gordon et al. 2020). 
This led to a host–virus protein–protein interaction network that has been 
instrumental in elucidating the molecular mechanism of infection and identify-
ing targets for drug repurposing. The study identifed 69 compounds, including 
29 FDA-approved drugs, 12 clinical, and 28 preclinical compounds targeting 
the host proteins and screened a group of them for their antiviral activity. In 
another approach, Schmidt et al. utilized RNA antisense purifcation and mass 
spectrometry to purify and characterize host cellular proteins directly bind-
ing to SARS-CoV-2 RNAs (Schmidt et al. 2021). They further demonstrated 
pharmacological inhibition of SARS-CoV-2 replication by targeting some of 
the RNA-binding host proteins, thereby providing viable therapeutic targets for 
drug repurposing (Schmidt et al. 2021). 

9.2.4 Drug signature mapping 

Proteomics-based approaches (Figure 9.1) allow for an unbiased, data-driven 
target identifcation that would eventually raise the success rate of the drug repo-
sitioning program. Recently, scientists were able to identify Ivermectin, a broad-
spectrum, FDA-approved antiparasitic drug, as a possible treatment option for 
COVID-19 using repurposing approach (Li, Zhao, and Zhan 2021). Using label-
based quantitative proteomics, they studied the proteome signature in response to 
Ivermectin and identifed many proteins dysregulated due to SARS-CoV-2 infec-
tion (Bojkova et al. 2020) to be involved in Ivermectin-regulated pathways. In 
another study, Ivermectin was shown to inhibit SARS-CoV-2 replication in vitro 
(Caly et al. 2020) and was found to be safe and effective for treating mild COVID-
19 in a small group of patients in Bangladesh (Ahmed et al. 2021). The clinical 
trial results for ivermectin are currently awaited (ClinicalTrials.gov Identifer: 
NCT04668469). 

9.3 In silico/computational approaches: Drug repurposing 

Data from proteomics and protein network studies are rapidly accumulating 
and are being made accessible. The general workflow includes three significant 
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FIGURE 9.1 Interactomics-based approaches to identify targets for drug repurposing. The various proteomics-based approaches to identify the target pro-
teins for drug repurposing: 1. Clinical proteomics involves the sample preparation from clinical isolates and proteomic analysis to decipher the target proteins. 

 Interactomics involves the expression of tagged bait protein (of pathogen) in the cell line followed by co-elution of interacting prey proteins (of host) by 2.
aff nity purif cation. The approach is frequently used to identify host–pathogen interaction. 3. In another approach, the cell line or the animal model is infected 
with the pathogen and used for proteomics analysis. 4. Proteome signature mapping involves the comparison of proteome signatures of diseased groups and 
drug treatment groups for the identif cation of common proteins. 
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steps: drug-target identification, drug repurposing, and side effect assessment 
(Hodos et al. 2016). In this chapter, we will discuss the first two steps in detail. 

9.3.1 Target identification 

Drug targets can be identifed in multiple ways. In the frst approach, one can 
select target proteins directly derived from omics-based studies (proteomics, inter-
actomics, etc.). Plenty of proteomics studies from clinical samples of COVID-19 
patients have given us potential leads to start with. They majorly include the human 
proteins that are upregulated in COVID-19 patients postinfection and they differ-
entiate a biological sample (e.g., swab, plasma, serum, urine) from COVID-19 posi-
tive to negative patients (Shen et al. 2020; Messner et al. 2020; Chen et al. 2020; 
Li, Zhao, and Zhan 2021). The latter approach includes intense literature mining, 
where the well-studied target proteins from a disease or disease-causing patho-
gens (e.g., SARS-CoV-2) are selected to be inhibited by small molecules. Mpro 
(3-chymotrypsin like protease or 3CLpro/main protease), RNA-dependent RNA 
polymerase (RdRp), spike glycoprotein (S), envelope protein (E), and nucleocapsid 
(N) from SARS-CoV-2 can be considered as potential drug targets here. Choosing 
the set of drugs is the next crucial step. One can either make a customized library 
as probable drug candidates for SARS-CoV-2 or use the entire database of small 
molecules. 

9.3.2 Databases 

Three-dimensional structures are available in RCSB Protein Data Bank (PDB), 
which are solved mainly by X-ray or NMR crystallography. Similarly, information 
about small molecules or drugs is available in diverse databases such as PubChem, 
Drugbank, ZINC, and ChEMBL. PubChem contains structural and functional infor-
mation for more than 60 million compound structures, whereas Drugbank offers 
multiple levels of drug target information (DTI) for more than 10,000 drugs. In 
PubChem, we can fnd both 3D and 2D structures of a small molecule. Sometimes 
instead of 3D structures (e.g., SDF format), the SMILES (simplifed molecular-input 
line-entry system) are available, which have to be converted to either SDF or PDB 
format. All these structures can be retrieved from these databases and manually 
curated before starting further computational experiments. Recently, a custom-
ized SARS-CoV-2 drug interaction database has been created, named CORDITE 
(Curated CORona Drug InTERactions Database for SARS-CoV-2) (Martin et al. 
2020). This platform is very much helpful in conducting a curated literature search 
for COVID-19. 

9.3.3 In silico molecular docking 

Once the target proteins and ligands are shortlisted, in silico molecular dock-
ing is performed. This is a method by which the molecular recognition pro-
cess is computationally simulated (Figure 9.2). During this procedure, several 
optimized conformations between protein and its ligands are optimized. Such 
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FIGURE 9.2 In silico molecular docking (pipeline and results). (a) Pipeline for in silico drug 
repurposing by molecular docking. (b) Docking results showing 3D and 2D representation of 
protein–ligand interaction of Selinexor (CID 71481097) bound with target protein (chosen from 
host) glutathione S-transferase P at the ligand-binding pocket. 

optimization generates multiple “protein-ligand docked poses”, each having a 
score, generally named as “binding energy”. The lower the score, the better the 
binding energy is considered (Aamir et al. 2018). One can use a cutoff value for 
the binding energy score as per the study type and requirements. Sometimes, 
information about the ligand-binding site of a particular protein is quite helpful. 
It is required to improve the sampling effciency of the docking program (Kong 
et al. 2019). In that case, site-specifc docking is being performed. When enough 
information about ligand binding pockets is not available, one can go for “blind 
docking”. In this approach, the entire length of the protein is included in the 
docking grid box. The software usually used to perform docking is described in 
Section 3.3. 

9.4 Drug repurposing in the light of COVID-19: 
Methodologies 

9.4.1 MS-based proteomics for target identification 

In the middle of the year 2020, an extensive proteomics-based investigation of 
nasopharyngeal swab and plasma samples of COVID-19 patients was performed 
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at Proteomics Laboratory, IIT Bombay (Bankar et al. 2021; Suvarna et al. 2021). 
Proteins were extracted from virus-inactivated clinical samples by three differ-
ent protein extraction strategies (Xu and Hagler 2002). Extracted proteins were 
then identifed using high-resolution mass spectrometric methods such as shot-
gun (label-free protein/peptide quantifcation), and targeted (selected reaction 
monitoring/multiple reaction monitoring) proteomics. This study gave us a com-
prehensive list of host proteins from in silico drug repurposing studies (Table 9.1). 

9.4.2 Selection of SARS-CoV-2 proteins from literature 

A total of ten viral proteins were selected from SARS-CoV-2 protein database, 
including the main protease (Nsp5), RNA-dependent RNA polymerase, envelope, 
nucleocapsid, spike glycoprotein, and few other non-structural proteins, essential 
for viral replication (Table 9.2). 

9.4.3 Curation of drug library and protein structures 

Before proceeding with in silico drug repurposing using a molecular docking 
strategy, it is necessary to create a drug repository containing those drugs needed 
to be screened against the differentially expressed protein targets found from the 
proteomics analysis in the previous sections (Figure 9.2a). To make a customized 

TABLE 9.1 

List of Viral Proteins Used in In Silico Molecular Docking 

S. No. 
ORF 
Name Protein Name Uniport ID 

Crystal 
Structure Control Inhibitors 

1 Nsp1 Replicase polyprotein 
1ab 

P0C6X7 6ZLW(i) 
1–180 

Tirilazad (DB13050) 

2 Nsp3 (Macro Replicase polyprotein P0DTD1 6WEY CQN2H 
X domain) 1ab (C19H15ClN2O2) 

3 Nsp5 Main protease P0DTD1 7BUY Carmofur 

4 Nsp9 3c-like proteinase P0DTD1 6W9Q, Conivaptan 
peptide, non-structural PDB 
protein 9 fusion ID-6W4B) 

5 Nsp10 P0DTD1 6W4H, Eriodyctiol 
PDB ID: 
6W75 

6 Nsp12 RNA-dependent RNA P0DTD1 7BV2 Nilotinib 
polymerase 

7 Nsp13 Helicase protein P0DTD1 6XEZ Cepharanthine 

8 Nsp16 P0DTD1 6W4H, Eriodyctiol 
6W75A 

9 N Nucleocapsid P0DTC9 6VYO Zidovudine 

10 E Envelope small- P0DTC4 7K3G Hexamethylene 
membrane protein amiloride (HMA) 
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library, deep literature mining was done. A total of 58 drugs (Table 9.3) were 
selected from a recent study by Gordon et al., where the chemoinformatic analysis 
was performed with these drugs against 332 high-confdence protein–protein inter-
actions between SARS-CoV-2 and human proteins (Gordon et al. 2020). 

9.4.4 In silico drug repurposing strategies using 
molecular docking software 

9.4.4.1 PyRx 

PyRx is an integrated virtual screening software used in computational drug dis-
covery. It is a convenient application supplemented with a powerful visualization 
engine and spreadsheet-like functionality that enables users to effectively analyze 

TABLE 9.2 

List of Host Proteins Used in In Silico Molecular Docking 

Proteins UniProt ID Control Inhibitor Predicted Inhibitors 

HSP 90-alpha P07900 Geldanamycin Selinexor, dabrafenib, 
ponatinib, silmitasertib 

Calcyphosin Q13938 Paroxetine Selinexor, dabrafenib, 
ponatinib, silmitasertib, 
daunorubicin 

Carbonic P00918 Aspirin, Selinexor, dabrafenib, 
anhydrase 2 acetazolamide silmitasertib 
Glutathione P09211 Ethacrynic acid Selinexor, dabrafenib, 
S-transferase P ponatinib, silmitasertib, 

daunorubicin 
Peroxiredoxin-1 P32119 β-Elemene Dabrafenib, daunorubicin 
Pyruvate kinase P14618 l-Phenylalanine None 
PKM 
Triosephosphate P60174 PEP Daunorubicin 
isomerase 
Aldehyde P30838 Disulfram Selinexor, dabrafenib, 
dehydrogenase ponatinib, daunorubicin 
Transketolase P29401 Oxythiamine Dabrafenib, ponatinib, 

daunorubicin 
l-Lactate dehydro- P00338 FX11 Selinexor, dabrafenib, 
genase A chain ponatinib, silmitasertib, 

daunorubicin 
Clathrin heavy Q00610 ES9–17 Ponatinib, silmitasertib, 
chain 1 daunorubicin 
Fascin Q16658 NP-G2–044 None 
HSP 90-beta P08238 Geldanamycin None 
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TABLE 9.3 

List of Drugs Used in In Silico Molecular Docking 

S. No. Drugs ZINC ID Status 

1 Chloroquine ZINC19144231 Approved 

2 Dabrafenib ZINC68153186 Approved 

3 Captopril ZINC57001 Approved 

4 Lisinopril ZINC3812863 Approved 

5 Camostat ZINC3871842 Approved 

6 Nafamostat ZINC3874467 Approved 

7 Chloramphenicol ZINC113382 Approved 

8 Tigecycline ZINC14879972 Approved 

9 Linezolid ZINC2008866 Approved 

10 Minoxidil ZINC1735 Approved 

11 Selinexor ZINC96170454 Approved 

12 Silmitasertib ZINC58638454 Approved 

13 Valproic Acid ZINC3008621 Approved 

14 Haloperidol ZINC537822 Approved 

15 Loratadine ZINC537931 Approved 

16 Entacapone ZINC35342787 Approved 

17 Indomethacin ZINC601283 Approved 

18 Metformin ZINC12859773 Approved 

19 Ponatinib ZINC000036701290 Approved 

20 Migalastat ZINC1636704 Approved 

21 Mycophenolic acid ZINC000000001758 Approved 

22 Ribavirin ZINC1035331 Approved 

23 Azacitidine ZINC3861768 Approved 

24 Ruxolitinib ZINC43207851 Approved 

25 Daunorubicin ZINC3917708 Approved 

26 S-Verapamil ZINC3812888 Approved 

27 EGCG ZINC3870412 Approved 

28 Quercetin ZINC3869685 Approved 

29 Rapamycin ZINC169289388 Approved 

30 Anisomysin ZINC954 Approved 

31 Sapanisertib ZINC73069271 Clinical 

32 Pevonedistat ZINC58660702 Clinical 

33 RVX-208 ZINC43199551 Clinical 

34 E-52862 ZINC95000617 Clinical 

35 Merimepodib ZINC3975663 Clinical 

36 ABBV-744 ZINC1250228389 Clinical 

37 CPI-0610 ZINC200480149 Clinical 

38 CB5083 ZINC208076131 Clinical 

39 Tomivosertib ZINC575623807 Clinical 

40 Baflomycin A1 ZINC000169647947 Preclinical 

41 CCT 365623 ZINC1776011385 Preclinical 
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S. No. Drugs ZINC ID Status 

42 AZ8838 ZINC914431265 Preclinical 

43 AZ3451 ZINC914431341 Preclinical 

44 4E2RCat ZINC7018722 Preclinical 

45 DBeQ ZINC39389 Preclinical 

46 ML240 ZINC96021026 Preclinical 

47 JQ1 ZINC57318556 Preclinical 

48 TMCB ZINC000058638742 Preclinical 

49 Apicidin ZINC17654900 Preclinical 

50 RS-PPCC ZINC28635556 Preclinical 

51 PB28 ZINC22931094 Preclinical 

52 H-89 ZINC2043204 Preclinical 

53 ZINC4326719 ZINC4326719 Preclinical 

54 ZINC4511851 ZINC4511851 Preclinical 

55 ZINC95559591 ZINC95559591 Preclinical 

56 AC-55541 ZINC13302309 Preclinical 

57 GB110 ZINC64527010 Preclinical 

58 UCPH-101 ZINC000040914195 Preclinical 

the drug molecules’ binding to the corresponding proteins. PyRx comes with mul-
tiple features inculcated into it in the form of open-source software that aids in the 
procedure. These include: 

• AutodockVina: Software used for docking using the Vina Wizard 

• OpenBabel: For importing .sdf fles, minimizing energy 

• Visualization ToolKit (VTK): For visualization of docked structures, gen-
erating 3D images post-docking. 

The docking of the drug library generates nine different conformers of each drug, 
known as “poses”. These poses, numbered from 0–8, each have a different binding 
affnity to the protein, even if they describe the binding of the same drug. The post-
docking fle generated for each drug comprises all nine poses. Pose “0” for a drug 
possesses the information for the conformer with the most negative binding energy 
and highest binding affnity and was therefore selected to compare the binding 
affnities of various drugs in the library to that of the control inhibitor. To extract 
the information for precisely the frst pose, the PDBQT fles obtained after docking 
was split using a Python script. For host proteins, the binding affnities of the frst 
poses of all the drugs were compared with the binding affnity of the frst pose of 
the control molecule. The drugs that had an equal or more negative binding energy 
than that of the control were fltered out and taken forward to be visualized using 
PyMOL. For viral proteins, it was noticed that the control inhibitors chosen had 
highly negative binding affnities. Therefore, a cutoff of −7.5 was chosen to select 
drugs with an equal or more negative binding affnity. 
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9.4.4.2 PyMOL 

PyMOL is a powerful open-source software for visualization scripted in Python, 
C, and C++ and created by Warren Lyford DeLano. The application, maintained 
and distributed by Schrödinger, is available for installation on various operating 
systems like macOS, Windows, Unix, and Linux. 

After choosing the most appropriate pose of a docked ligand fle, both protein 
and the ligand (in PDBQT format) were loaded in PyMOL and visualized for 
the binding pockets of each drug against every target protein. Ligands (from the 
library), which were able to bind the target protein at the same binding pocket as 
their control inhibitors, were selected. 

9.5 Drug repurposing in the light of COVID-19: Results 

9.5.1 In silico molecular docking results 

The drug repurposing using computational docking methods of 13 differentially 
expressed host proteins from swab samples in COVID-19-positive versus COVID-19-
negative patients was performed and we found fve FDA-approved drugs that topped 
the list by expressing strong binding affnity in more than six of the host proteins. 
Selinexor (CID 71481097), a drug that has been approved for multiple myeloma and 
Daunorubicin (CID 30323), an anthracycline antibiotic with antineoplastic activity, 
inhibited seven proteins each. Figure 9.2b shows the molecular docking of Selinexor 
with one such target protein, glutathione S-transferase P. Another six proteins were 
inhibited by Ponatinib (CID 24826799), which has been previously approved for the 
treatment of chronic myeloid leukemia, and Silmitasertib (CID 24748573) in line for 
treatment of cholangiocarcinoma, respectively. Dabrafenib (CID 44462760), an anti-
neoplastic agent used in the treatment of metastatic melanoma, showed remarkable 
results by inhibiting 8 of these 13 biomolecules. Further, it was observed that clini-
cally approved drugs like ABBV-744 (CID 132010322), CPI-0610 (CID 57389999), 
and Pevonedistat (CID 16720766) inhibited 8 out of 13 proteins. 

After performing a similar docking procedure for ten viral proteins (as described in 
Section 3.4.1), Selinexor and Dabrafenib also displayed inhibition of six of the viral pro-
teins while Ponatinib and Silmitasertib showed these results for four viral proteins. More 
FDA-approved drugs like Loratadine (CID 3957: an antihistamine), Rapamycin (CID 
118701644: an immunosuppressant), and Tigecycline (CID 54686904: a glycylcycline 
antibiotic) inhibited four viral proteins. Haloperidol (CID 3559: an antipsychotic medi-
cation) inhibited fve such proteins from the SARS-COV-2 viral proteome. Additionally, 
clinically approved drugs also made a mark in this aspect, with Pevonedistat and 
ABBV-744 obtained to inhibit seven and four viral proteins, respectively. 

9.5.2 PLIP 

PLIP, or the Protein-Ligand Interaction Profler, is a web application that allows 
users to gauge the possible interactions between ligand molecules and the proteins 
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they are docked to. It focuses on identifying non-covalent interactions such as 
hydrogen bonds, π-stacking, and halogen bonds. The server accepts four-charac-
ter .pdb fles without the need for any further preparation. The PLIP server uses 
OpenBabel to read and process the structures. As mentioned earlier, the shortlisted 
proteins were then fed to this Profler. Table 9.4 shows the interacting residues iden-
tifed using PLIP for glutathione S-transferase P. 

9.6 Authors’ perspective 

9.6.1 Why repurpose existing drugs? 

Drug repurposing term was frst discussed by Ashburn and Thor back in 2004, 
who precisely pointed out the enormous burden of a decrease in productivity 
despite increasing R&D spending (Ashburn and Thor 2004). Such hurdles made 
modern drug developers come up with solutions with existing drugs, especially 

TABLE 9.4 

List of Interacting Residues (PLIP) of GST-1 with Top Five Small Molecules 

Drugs Hydrogen Hydrophobic Residues 
(FDA Approved) Initial Function Bonds Interactions Interacting 

CK2 inhibitor, 5 5 8PHE, 7TYR, 
IC50 = 1 38TRP, 51GLN, 

52LEU, 108TYR 

Dabrafenib RIPK1 inhibitor, 3 3 8PHE, 35VAL, 

Selinexor 

IC50 = 12 38TRP, 39GLN, 
205GLY 

Silmitasertib XPO1/nuclear 1 5 8PHE, 104ILE 
export inhibitor, 108TYR, 7TYR 
IC50 = 36 

Daunorubicin Topoisomerase 0 6 8PHE, 38TRP, 
inhibitor, Ki = 70 104ILE, 

108TYR 

] 

Ponatinib RIPK1 inhibitor, 1 5 8PHE, 104ILE, 
IC50 = 12 108TYR, 

7TYR 
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to address the huge timeline and cost issue of conventional drug discovery pro-
grams (Vanhaelen et al. 2017). This approach offers us a better trade-off in terms 
of risk versus reward compared to other drug development strategies. Since then, 
the feld is growing rapidly, and today, a major part of it uses computational 
approaches (in silico experiments) to determine the lead candidates to be taken 
for further clinical trials. 

9.6.2 Drug repurposing as compared to conventional 
drug discovery and development 

The conventional drug discovery process is a time-consuming venture. It 
takes 10–15 years for a drug since its discovery to get approval for human use. 
The conventional drug discovery approach results in the identifcation of new 
molecular therapeutics. The process consists of fve stages: (1) discovery and 
preclinical phase, (2) safety review phase, (3) clinical research phase, (4) FDA 
review phase, and (5) post-market safety monitoring. All the stages make the 
overall process time consuming, costly, with an increased risk of failure. While 
the drug repurposing approach has only four stages: (1) compound identif-
cation, (2) compound acquisition, (3) development stage, and (4) post-market 
safety monitoring. Advancements in cheminformatics tools supported by bio-
logical and structural databases have signifcantly reduced the time and cost 
of the drug development process. In silico molecular docking techniques with 
structure-based drug design (SBDD) have further improved the drug repurpos-
ing technique. The drug repurposing process is benefcial for developing drugs 
for rapidly emerging infectious diseases like COVID-19. With conventional 
drug development, it will take 10–16 years to develop a new drug. On the other 
hand, this time can be reduced to three to ten years with a drug repurposing 
approach. With the advancement in omics technologies (genomics, proteomics, 
interactomics, etc.) and bioinformatics tools, it is surprisingly easy to identify 
the therapeutic targets for drug repurposing which further simplifes the com-
plex drug discovery process. 

9.6.3 Polypharmacology: A new era of computer-
aided drug repurposing 

Computer-aided drug repurposing uses different evidence to build a study hypoth-
esis that could be clinical and molecular data derived and literature derived (Brown 
and Patel 2017). Recently, we have been introduced to “Polypharmacology”, 
which focuses on multi-target drugs (MTDs), and is an extended feld of in silico 
drug repurposing approach (Lavecchia and Cerchia 2016). It is based on the 
idea that one drug molecule can interact with many proteins. The results can 
be both positive (amplifying the drug inhibition) and negative (adverse effect on 
off-target proteins). However, “Polypharmacology” has proved to be much more 
benefcial and in the last few years, FDA (Food and Drug Administration, USA) 
has approved several multi-target drugs for various treatments (Peters 2013). We 
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believe that applying the same approach can be very useful in fnding therapeutic 
alternatives of SARS CoV-2. Proteins from several highly modulated pathways 
(such as infammation, neutrophil degranulation, and complement cascade) can 
be targeted with potential MTDs. 

9.6.4 Importance of drug repurposing in the face of infectious 
disease outbreaks such as the current COVID-19 pandemic 

Currently, we are in the middle of the COVID-19 pandemic caused by the 
SARS-CoV-2 virus and there is no effective drug that can target the virus. This 
situation suggests the urgent need for a repurposed drug for SARS-Co-V-2 as 
the de novo drug discovery process will take 10–15 years to develop a new drug. 
Since the beginning of the COVID-19 outbreak, the drug repurposing process 
has gained considerable momentum to identify a repurposed drug for the life-
threatening condition of COVID-19 (Mohamed and Rezaei 2020). Remdesivir 
is one such example of a repurposed drug, it is a nucleotide analog that inhibits 
viral RNA polymerase (Grein et al. 2020). It has shown in vitro antiviral effcacy 
against SARS-CoV-2 and was approved in October 2020 to treat COVID-19 
(Bellera et al. 2020). 

Drug repurposing approaches have also been explored to fnd drugs for other 
viral infections as well. Zika virus, an RNA virus of the arbovirus family, caused 
a large outbreak in Latin America and WHO declared the ZIKV as a public health 
emergency in 2016 (Wikan and Smith 2016). Mycophenolic acid (Barrows et al. 
2016) and Daptomycin (G. Liu et al. 2017) drugs are the repurposed drugs that were 
approved for the treatment of ZIKV. Ebola virus which belongs to the family of flo-
virus has caused several outbreaks in past, in 2014–2016 due to its widespread in 
non-endemic geographical areas, it became a matter of international health emer-
gency (G. Liu et al. 2017). Several repurposed drugs were evaluated for their antivi-
ral effcacy in the infected patients. Favipiravir which is approved for the treatment 
of the infuenza A virus (Sissoko et al. 2016) and GS-5734 which is an adenosine 
analog (Sheahan et al. 2017) have been shown to decrease the fatality rate com-
pared to the control (Sweiti et al. 2017). Some studies have shown Grazoprevir, a 
FDA-approved antiviral drug, for the hepatitis C virus-mediated multiple pathway 
control via inhibition of viral entry targeting host cell proteins ACE-2, TMPRSS2, 
and RdRp (Behera et al. 2021). Various other antimalarial drugs have also been 
studied and experimented against SARS-COV 2 infection and a few of them like 
the quinolines and artemisinin-based drugs have proven to be effective as they are 
a class of anti-infammatory drugs (Firestone et al. 2021). Researchers and cli-
nicians have also worked toward inhibition of specifc viral and human cellular 
pathways using drug repurposing like a study identifed ten potential candidates 
for inhibition of SARS-COV-2 3a channel linked with pro-apoptotic function. This 
list included various FDA-approved drugs, namely, Capreomycin, Pentamidine, 
Spectinomycin, Kasugamycin, Plerixafor, Flumatinib, Litronesib, Darapladib, 
Floxuridine, and Fludarabine (Tomar, Krugliak, and Arkin 2021). These drugs are 
still in clinical trials to confrm their effcacy against the virus and they are yet to 
be tested in humans for safety. 
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9.7 Conclusions 

Exploring the antiviral effcacy of the already approved drugs offer plausible alter-
natives for the development of effective drugs. Repurposed drugs could skip the pre-
clinical and phase 1 trial and can directly go to the phase 2 trials as they are already 
approved for their safety and toxicity. Drug repurposing has shown massive success 
in developing many new anticancer drugs and there are a few successful examples of 
drug repurposing against viral infections and a lot can still be explored in this area. 
This has been possible due to the advancements in the feld of omics and big data as 
with increasing success in these felds, more and more publicly available databases 
are getting accumulated, which is extremely useful for such computational stud-
ies. Today, researchers around the world are contributing to make a COVID-19-free 
world and at the same time are making us prepared to combat such threats. This 
chapter thus summarizes the very frst footprint of in silico drug repurposing, where 
given in silico predictions need to be validated in a further cell line–based study, 
followed by animal model validation and toxicity effect determination. 
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10.1 Introduction 

Various spectroscopy approaches can provide rapid, accurate, and relatively cost-
effective methods to address various limitations of gold standard RT-PCR tests. The 
basic principle of spectroscopy is based on the interplay of electromagnetic radiation 
with a medium or the measurement of radiation emitted from the medium. An aver-
age spectrometer includes a light source, so when the samples are exposed to light, 
the sample molecules selectively absorb radiation of specifc wavelengths. This 
absorption instigates the sample molecules to transition from the ground state to the 
excited state. The detectors identify these differences between the states of vibra-
tional energy and installed software in the computer calculates it as the absorption 
peak frequency and give readout. Historically, these techniques have been routinely 
used to detect and characterize chemical compounds in bioengineering, natural sci-
ences, and now in the medical feld. Vibrational spectroscopy, including attenuated 
total refection Fourier transform infrared (ATR-FTIR) spectroscopy, and Raman 
spectroscopy, has been routinely used to discriminate and classify normal and path-
ological populations using biospecimens (see Tables 10.1 and 10.2). 

Both techniques have been extensively used in clinics for diagnostic purposes. 
Based on the spectra recorded from the patient’s complex biological samples such 
as urine, CSF, blood, saliva, breast milk, and plasma serum, it helps for diagnostics 
of neurodegenerative diseases (Nabers et al. 2018), diabetes (Pleitez et al. 2013), 
and cancer (Auner et al. 2018; Lasch et al. 2004; Kallenbach-Thieltges et al. 2013). 
These techniques have regularly been used for the detection of viral signature in 
infected patients in cases of HIV, Zika, herpes, infuenza, etc.(Salman et al. 2002; 
Manoto et al. 2021; Yeh et al. 2020). This chapter will discuss the working principle 
of FTIR and Raman spectroscopy for the SARS-CoV-2 detection. Herein we will 
discuss bio specimen collection from the patient and how the collected samples 
were processed for the detection of SARS-CoV-2. Subsequently, we will discuss 
how the spectral readings in FTIR and Raman spectroscopy are obtained and ana-
lyzed for a fast, effcient way to detect SARS-CoV-2. 

10.2 Working principle of FTIR and Raman 

Originally infrared spectrometers were “dispersive”, which means prisms or graters 
were used to separate the individual frequencies of energy emitted from the infrared 
source. After passing the radiation through a sample, the amount of energy at each 
frequency is measured by a detector. This method took a considerable amount of 
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TABLE 10.1 

Recent Milestones of Work Done in Viral Detection Using Raman 

Study Sample Used Aim Year 

SARS-CoV-2 Human sera Effcient primary screening of 2021 
COVID-19 by serum Raman 
spectroscopy 

RNA viruses Human saliva Raman spectroscopy-based 2020 
detection of RNA viruses in 
saliva: a preliminary report 

TYMV infection Virus-infected Turnip yellow mosaic virus 2013 
leaves extract infection in Chinese cabbage 

plant 

Herpes virus types Virus-infected Vero cells infected with herpes 2014 
(HSV)-1, HSV-2, and vero cells simplex virus (HSV) types 
VZV infection (HSV1 and HSV2) and 

varicella zoster viruses 

HIV infection Plasma HIV-1 virus 2017 

Liver disease progression Biopsy Liver lesions induced by 2015 
from steatosis to fbrosis hepatitis C virus 

DENV infection Serum Lactate based on optical 2017 
detection of dengue virus 
infection in human serum 

Hepatitis B virus infection Serum Analysis of serum for hepatitis 2018 
B virus (HBV) infection 

Typhoid and dengue Serum Differentiation of typhoid and 2018 
infection dengue fever based on sera 

obtained from infected 
humans 

HBV infection Serum Hepatitis B virus (HBV) 2019 
infection 

Virus-elicited metabolic Virus- Metabolic study of infuenza 2020 
reactions infected A virus induced in 

MDCK mammalian cells 
cells 

TABLE 10.2 

Recent Milestones of Work Done in Viral Detection Using FTIR 

Study Sample Used Aim Year 

SARS-CoV-2 Human swab Ultra rapid on-site detection of SARS-
CoV-2 infection using simple ATR-FTIR 
spectroscopy and an analysis algorithm: 
high sensitivity and specifcity 

2021 

SARS-CoV-2 Human sera Fast screening and primary diagnosis of 
COVID-19 by ATR-FTIR 

2021 

Polio virus Buffalo green monkey 
kidney cells 

Detection and quantifcation of poliovirus 
infection 

2011 

(Continued) 
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TABLE 10.2 (Continued) 

Study Sample Used Aim Year 

Hepatitis B 
and C virus 

HPV 

HIV and 
HCV 

Herpes virus 
HSV VZV 

Dengue 
virus 

Human sera 

Cervical scraps 

Plasma 

Vero, human fbroblast, 
rabbit fbroblast cell 
lines 

Freeze-dried human 
sera 

Diagnosis of hepatitis B and C virus 2019 

HPV detection for cervical cancer 2018 

Differentiating HIV-infected patients with 2017 
HIV HCV co- infection 

Detection of virus-infected cells 2002 

Dengue diagnosis 2019 

time, and FTIR was designed to overcome this disadvantage. FTIR uses an inter-
ferometer to overcome this disadvantage by measuring all infrared frequencies 
simultaneously. 

In FTIR spectroscopy, the energy from the infrared source goes to the beam split-
ter, which splits the beam into two parts. The frst part of the beam is transmitted 
to a moving mirror, and the other is refected in a fxed mirror. The moving mirror 
oscillates at a constant velocity. An interference pattern is created at the beam split-
ter where these beams converge after traveling different distances at different veloci-
ties; some of the wavelengths recombine constructively and some destructively. This 
interference pattern is called an interferogram. This interferogram from the beam 
splitter passes through the sample (which is made of biomolecules with an electric 
dipole), where some energy is absorbed, and some are transmitted. The transmitted 
portion reaches the detector. The detector reads information about every wavelength 
in the infrared range simultaneously. Subsequently, the data from the detector is 
Fourier transformed using computational tools, and spectra are presented as a func-
tion of wavelength and intensity. Examination of samples in a solid and liquid state 
is now possible with FTIR in conjugation with attenuated total refection (ATR). In 
general, the beam of infrared light is passed through the ATR crystal leading to the 
formation of an evanescent wave due to total internal refection and extends to the 
samples to be analyzed (Francis M Mirabella 1993) (Figure 10.1). 

Similarly, in Raman spectroscopy, when light is passed through the sample mol-
ecules, the incident light is scattered, absorbed, or transmitted. The majority of 
scattered light is elastically scattered, and this type of scattering is referred to as 
Rayleigh scattering, where the energy of the scattered light is equal to that of the 
incident light; but when these energies are not equal, it results in inelastic scat-
tering. Inelastic scattering can be of two types: Stokes scattering and anti-Stokes 
scattering. These terminologies are defned based on molecular vibrational ener-
gies. The difference in energy is equal to the difference in energies of vibrational 
energy levels within the ground electronic state. When the energy (or frequency) of 
the scattered photon is less than that of the incident photon, it is known as Stokes 
scattering, and if it is greater, then it is known as Anti-stokes scattering. Raman 
spectrum is a measurement of Raman shift which is the difference in energy of 
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incident light and scattered light. The shift found in the angular frequency of the 
scattered light can be explained via the following equation: 

Where subscript osc is the molecular vibration, p is the incident photon, and scat is 
the scattered light (Duncan, Reintjes, and Manuccia 1982). Raman spectroscopy is 
used to perceive rotational, vibrational, and other low-frequency modes. It uses the 
interaction of the photon with matter to understand the signature information of the 
molecule. It depends on scattered light and gives information about intramolecular 
and intermolecular vibrations of the sample molecules. 

One of the improved versions of Raman spectroscopy in the combination of 
microscopy CRM (confocal Raman Microscopy) has been advantageous in reveal-
ing information about the depth and buried structures that are present in thin samples 
with a high spatial resolution (Giridhar, Manepalli, and Apparao 2017) (Figure 10.1). 

FIGURE 10.1 General schematic workfow of analyzing clinical samples using ATR-FTIR and 
confocal Raman spectroscopy. 
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10.3 Fingerprint region 

Spectra obtained from FTIR detectors and from Raman spectroscopy are the char-
acteristic features of the sample containing biomolecules such as proteins, lipids, 
carbohydrates, and DNA. These infrared spectra are represented on a Cartesian 
plane where the X-axis (peak position) represents the frequency of vibration of a 
specifc part of the molecule (4,000 to 400 cm−1) and the Y-axis (peak intensity) 
informs about the absorbed sample energy. Each of the biomolecules mentioned 
previously has a specifc signature region on the X-axis called the “bio fngerprint 
region” which enables the discrimination of the different populations and identi-
fcation of potential biomarkers. For interrogating biological materials, the most 
important spectral regions measured are typically the fngerprint region (600–1,450 
cm−1) and the Amide I and amide II (Amide I/II) regions (1,500–1,700 cm−1). The 
higher wavenumber region (2,550–3,500 cm−1) is associated with stretching vibra-
tions such as S–H, C–H, N–H, and O–H, whereas the lower wavenumber regions 
typically correspond to bending and carbon skeleton vibrations (Khan and Rehman 
2020). Proteins mainly contribute to the Amide I peak at wavenumber around 1,650 
cm−1, which comprises 80% CO2 stretching, 10% C–N stretching, and 10% N–H 
bending and the Amide II peak at around 1,540 cm−1 wavenumber due to 60% N–H 
bending and 40% C–N stretching. Lipids contribute absorptions at ~1,740 cm−1 

wavenumber, PO2 stretching vibrations of DNA are located at ~1,080 cm−1 (sym-
metric; nsPO2) and ~1,225 cm−1 (asymmetric; nasPO2). 

In the case of biological samples, approximately 90% of the peaks seen in the 
Raman spectrum are in the “fngerprint” spectral region containing Δν ~500–1,800 
cm−1 (Δν is the wavenumber shift usually expressed in cm−1), with the remaining 
found at higher energy in CH/OH stretching vibrational modes which are cover-
ing Δν ~2,700 –3,300 cm−1 (Camp and Cicerone 2015). Raman signature range is 
attributable to RNA moieties of viruses such as ribose sugars: 900–1,045 cm−1, 
the phosphate group: 1,080–1,100 cm−1, nitrogenous uracil base: 780 cm−1, ribose 
phosphate: 1,044 cm−1, A/G ring: 1,480 cm−1 (Desai et al. 2020; De Gelder et al. 
2007; Gong et al. 2009). 

10.4 Sample preparation 

Zhang et al. in 2021 analyzed the serum samples using it for fast screening and 
primary diagnostics of the patients infected with SARS-CoV-2 using the ATR-FTIR 
system (Zhang et al. 2021). Blood collected from the patients was centrifuged at 
5 000 rpm for 5 minutes for obtaining the serum. The serum samples were heat-
inactivated to deactivate the potential pathogens by incubating them at 56°C for 
30 minutes. PerkinElmer infrared spectrometer coupled with a diamond ATR was 
used for recording the FTIR spectra with a resolution of 4 cm−1. Around 3–4 µl of 
the sample was loaded on the ATR crystal and was dried under mild airfow at room 
temperature. Spectrum for each sample was recorded one to three times with an 
accumulation of 16 scans per spectrum. After a period of 5 minutes when the sample 
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was dried, spectra were recorded between 4,000 and 600 cm−1, water absorption was 
monitored for OH peak stretching around 3,300 cm−1, and bending around 1,635 
cm−1 with the spectral background recorded separately to achieve a high signal-to-
noise ratio. The constant baseline drift observed at 4,000 cm−1 was subtracted, fol-
lowed by normalization with Amide I absorbance. For each normalized spectra, the 
second derivative infrared (SD-IR) was calculated (Zhang et al. 2021). 

Barauna et al. in 2021 analyzed the swab samples for the on-site detection of 
SARS-CoV-2 using ATR-FTIR techniques with high specifcity and sensitivity 
(Barauna et al. 2021). Pharyngeal swab from the patient was collected with the 
help of a cotton swab from the inner part of the mouth by scrapping the tonsil area, 
cheek, and tongue after absorbing the secretory fuids. The swab was placed in a 
sterile tube and was stored at 4°C until spectral reading. The spectra of swab sam-
ples were recorded with Agilent Cary 630 FTIR spectrometer. Each clinical sample 
was recorded in triplicates from a range of 4,000 to 650 cm−1 with each spectrum 
containing 1,798 points with a resolution of 1.86 cm−1 by directly placing the swab 
samples in the crystal of Agilent Cary 630 FTIR spectrometer. Each spectrum was 
scanned for 32 coadditions, interspersed with 32 background scans. After the scans 
were complete, the crystal was wiped with MilliQ water followed by 70% ethanol 
to avoid any cross-contamination across the sample (Barauna et al. 2021). 

In most cases, swabs are mainly collected in VTM tubes. To study the effcacy 
swab samples collected in the VTM tubes that can be used for AT-FTIR studies, 
nasopharyngeal swabs were collected following the ICMR guidelines. The samples 
were collected by trained medical offcers in a COVID-19 designated hospital. The 
swabs were stored in tubes containing Viral Transport Media (VTM) (CDC: SOP#: 
DSR-052–05) at 4°C overnight at the hospital. Different approaches were followed 
for sample preparation so as to select the optimal protocol for spectral reading. In 
a tube, 100 µl of VTM was mixed with 300 µl of pre- chilled ethanol and vortexed 
for 2–3 minutes and kept for overnight incubation at −20°C. On a subsequent day, 
the tube was centrifuged at 12,000 g for 20 minutes at 4°C, and the supernatant was 
used for the spectral reading. In the second protocol, after the overnight incubation, 
the upper layer of the bilayer was used for spectral reading. In the third protocol, 
the samples were vortexed following the overnight incubation; spectral reading was 
then recorded. FTIR spectra were recorded on the Cary 630 (Agilent) spectrometer 
coupled with the ATR module. The ATR detection diamond was cleaned and back-
ground spectra were acquired before each acquisition with 100% v/v ethanol. On 
the crystal was placed 1 µl of sample and air-dried. Each sample was recorded as 
technical duplicates. Based on the results (Figure 10.2), protocol 3, where samples 
were vortexed following overnight incubation, showed differential spectra and can 
be used for analysis. One should always keep in mind that if the swab is collected 
in the VTM tubes, VTM constituents such as protein (serum, albumin, or gelatin) 
and antibiotics will interfere with the ATR-FTIR spectral annotation. 

Desai et al. in 2020 studied the detection of RNA viruses in saliva using Raman 
spectroscopy (Yin et al. 2021); they detected the presence of RNA virions, which 
was generated using pLL 3.7 lentivirus vector system (based on HIV-1). These 
virion particles were spiked in water and saliva from the stock of 7.05 × 107 TU/ 
ml at a dilution of 1:10 and 1:1,000, respectively. GFP expression in HEK293FT 
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FIGURE 10.2 Schematic workfow analyzing SARS-CoV-2 swab samples using ATR-FTIR. 

cells was used for the confrmation of infectivity of viral particles. Thus, mimick-
ing the patient’s saliva infected with viral particles, around 20 µl of the sample was 
smeared on CaF2 slides and allowed to air-dry. Raman spectrum was then recorded 
on a Raman spectrometer. 
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In an experimental design, plasma samples of SARS-CoV-2 infected patients were 
used for the study. Blood from infected patients was collected from the patients by 
trained medical offcers in a COVID-19 designated hospital. Around 5 ml of blood 
was collected in EDTA vacutainer by clinicians from confrmed patients following 
the infection control protocol approved by WHO and ICMR. Plasma was isolated 
by centrifuging blood at 10,000 rpm for 5 minutes. Supernatant plasma was taken 
for clinical diagnostics purposes, and leftover plasma samples were aliquoted into 
cryovials (~1 ml) and stored at −80°C for studies. Plasma was then diluted in the 
ratio of 1:3 with 100% v/v chilled ethanol. Subsequently, thawed and mixed 10 µl 
of plasma is smeared on CaF2 slides and allowed to air-dry, followed by confocal 
Raman. The settings used in Raman spectrometer were as follows: excitation wave-
length (nm): 532.123; laser power (mW): 5.538; central wavelength (nm): 602.677; 
number of accumulations: 10; integration time (s): 10; objective name: Zeiss EC 
Epipian 20x/0.4; objective magnifcation: 20. Schematic representational workfow 
can be seen. Ultimately, these obtained Raman spectra have been used for ahead 
data analysis (Yin et al. 2021) (Figure 10.3). 

Yin et al. in 2021 studied SARS-CoV-2 infected serum samples for the primary 
screening of SARS-CoV-2 (Yin et al. 2021). Blood samples were collected from 
SARS-CoV-2 infected patients; serum samples were prepared by centrifuging the 
blood samples at 3000 rpm for 10 minutes and was stored at 4°C. Around 0.5 ml 
of serum samples were taken in cryopreservation tubes for Raman spectroscopy 
within 36 hours of sample preparation. The Raman setup consisted of volume-
phase holographic (VPH) spectrograph gratings, a high-performance deep-cooled 
CCD camera. The laser (single-mode diode, real-light) with a wavelength of 785 nm 
and 100 mW was generally used for Raman excitation. The samples were recorded 
15 times for each sample, in the range of 600–1,800 cm−1, with an accumulation 
time of 3 seconds. To check the accuracy and precision, three analysts were used to 
independently acquire a dataset (Yin et al. 2021). 

10.5 Discussion 

Zhang et al. 2021analyzed around 115 blood samples, with 76 patients in which 
41 were confrmed to be infected with SARS-CoV-2 and 15 of the patients had a 
respiratory viral infection which was mainly caused by infuenza A/B or respira-
tory syncytial virus (RSV) because of their fu-like symptoms identical to SARS-
CoV-2. Normal samples were acquired from 20 healthy donors, and the rest of the 
20 had infammation-related diseases. ATR-FTIR analysis associated with partial 
least squares discriminant analysis (PLS-DA) of the individuals were able to dif-
ferentiate SARS-CoV-2 infected individuals from the normal controls and other 
respiratory viral infections or infammation. AUROC (area under the receiver oper-
ating characteristic curve) was 0.9561 (95% CI: 0.9071−0.9774). Serum phospho-
lipids, along with antibodies and various serum constituents, could be depicted in 
the study to be signifcant with their distinct chemical fngerprint regions (Zhang 
et al. 2021). 
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FIGURE 10.3 Schematic workfow analyzing SARS-CoV-2 plasma samples using confocal 
Raman spectroscopy. 

Barauna et al. in 2021 analyzed 171 individuals (11 negatives and 70 positive 
individuals infected with SARS-CoV-2) with ATR-FTIR coupled with chemomet-
ric analysis toward screening of the SARS-CoV-2 infected patients. γ- Irradiated 
SARS-CoV-2 viral particles were spiked in the contrived saliva in a concentration 
of 1,582 copies/ml, which generated a good signal-to-noise ratio. Nucleic acid peaks 
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along with RNA were observed predominantly in the samples. Distinct RNA fn-
gerprint regions were also observed in the saliva samples with low copy numbers. 
GA-LDA (genetic algorithm-linear discriminant analysis) was used to discrimi-
nate the SARS-CoV-2 infected patients via training (50 negatives and 50 positives) 
and validation model (61 negatives and 20 positives) with a blinded sensitivity of 
5% and specifcity of 89% was achieved. Polysaccharide stretching at 1,429 cm−1, 
asymmetric phosphate stretching due to RNA and DNA at 1,220 cm−1, symmet-
ric phosphate stretching due to nucleic acids at 1,084 and 1,041 cm−1, and C–O 
stretching due to ribose sugar at 1,069 cm−1 were found to be signifcant chemical 
fngerprint regions (Barauna et al. 2021). 

Yin et al. in 2021 studied a total of 177 serum samples which were categorized 
in three groups consisting of 63 SARS-CoV-2 infected patients, 59 suspected, 
and 55 healthy individuals through Raman spectroscopy coupled with machine 
learning support vector machine (SVM) to build the diagnostic algorithm. Further 
external validation was performed on 20 individuals consisting of 5 asymptomatic, 
5 symptomatic patients infected with SARS-CoV-2, 5 suspected, and 5 healthy 
individuals. The model classifed the SARS-CoV-2 infected individuals with sus-
pected cases with an accuracy of 0.87 (95% confdence interval [CI]: 0.85–0.88) 
and SARS-CoV-2 infected individuals and normal individuals with an accuracy of 
0.90 (95% CI: 0.89–0.91), and lastly suspected cases with normal individuals with 
an accuracy of 0.68 (95% CI: 0.67–0.73). SVM model classifcation was performed 
for individual test datasets (Yin et al. 2021). 

10.6 Authors’ perspective 

We believe that due to low-noise measurements, operation complexity, and detec-
tion performance shown by FTIR-ATR and Raman spectroscopy, it can be widely 
used for cost-effective mass screening at hospitals, clinics, airports, and other 
places when coupled with multivariate analysis. In this fght to contain the pan-
demic, the utmost need is to detect the patients and isolate them to reduce the 
spread. A research group in China recently published an article where they used 
FTIR-ATR for rapid diagnosis of SARS-CoV-2 using serum from the patients 
(Zhang et al. 2021); the research group reported that the ATR-FTIR coupled with 
partial least squares discriminant analysis was effective to differentiate COVID-19 
from normal controls and some common respiratory viral infections or infamma-
tion, with the area under the receiver operating characteristic curve (AUROC) of 
0.9561. Another research group reported a similar study in a preprint where they 
obtained the IR spectra using saliva samples spiked with the virus, which gave a 
blind sensitivity of 95% and specifcity of 89% (Barauna et al. 2021). Currently, 
our lab at IIT Bombay is working on stratifying the SARS Cov-2 patients into risk 
groups so as to lower the burden on the healthcare infrastructure. 

The role of Raman spectroscopy has been very signifcant and diverse in under-
standing a variety of viruses such as RNA viruses (Desai et al. 2020), porcine 
parvovirus (PPV), and porcine circovirus type 2 (PCV2) (Gogone et al. 2021), 
herpes simplex types (HSV): HSV-1, HSV-2, and varicella-zoster viruses (VZV) 
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(Huleihel et al. 2016), infuenza A virus (Pezzotti et al. 2020), Turnip yellow 
mosaic virus infection (Kim et al. 2013), and hepatitis C virus (Gaggini et al. 
2015). Additionally, Raman spectroscopy has contributed to discriminating bacte-
ria and bacteriophage (Goeller and Riley 2007), dengue, and Zika non-structural 
protein 1 (NS1) biomarkers; typhoid and dengue fever (Naseer et al. 2019), etc. 
These studies are mentioned in the viral sensing section. Yet there is a necessity 
to incorporate artifcial intelligence and discover new approaches to understand 
the Raman spectrum data in an effcient and variety of ways to understand disease 
biology in-depth. 
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DL – Deep learning 
Isomap – Isometric Feature Mapping 
LDA – Linear Discriminant Analysis 
MDS – Multidimensional Scaling 
ML – Machine learning 
RT-PCR – Real-time polymerase chain reaction 
SARS-CoV-2 – Severe acute respiratory syndrome coronavirus 2 
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11.1 Introduction 

The COVID-19 pandemic and its associated challenges were unpredictable for the whole 
world, which has badly affected different professional sectors, lifestyles, and health. 
Serious issues like inadequate infection control guidelines, lack of transparencies and 
supply chain, shortage of personal protective equipment, and minimal technical support 
made the conditions more challenging to deal with (Palacios Cruz et al. 2021; Kumar, 
Rajasekharan Nayar, and Koya 2020). Artifcial intelligence (AI) and machine learn-
ing (ML) played a vital role to expedite many issues linked to healthcare (Bohr and 
Memarzadeh 2020). AI has excellent potential for renovating the healthcare system and 
upgrading patient care, technology, lifestyle, social networking, data management pro-
cesses, and global relationships (Hung et al. 2020; Ellahham, Ellahham, and Simsekler 
2020). There has been signifcant investment from different companies in the worldwide 
healthcare industry during the last ten years. Global companies like Microsoft and IBM 
are developing AI- and ML-based tools to make effcient predictions in disease pathol-
ogy for better and faster diagnosis (Aphinives and Aphinives 2021; Zhao et al. 2020). 
There has been a global initiative in upgrading robotic surgery, virtual nursing assis-
tance, and automated administrative workfow, which could revolutionize the healthcare 
system (Chang et al. 2021; Gore 2020). However, the advancement of AI and ML-based 
strategies will take suffcient time for the complete substitution of humans. 

The role of AI and ML has supported and aided in a different spectrum during this 
ongoing COVID-19 pandemic. Cooperation across governments, public, and private 
sectors has aided in the launch of many portals like the COVID-19 portal by Google 
(Cresswell, Williams, and Sheikh 2021). Apart from Google, multiple dashboards and 
web-based portals provide COVID-19 related information (Dong, Du, and Gardner 
2020). The role of AI and ML has been shown in healthcare, disease management, and 
clinical research more. Different drug repurposing strategies based on artifcial intel-
ligence were rapidly growing, which has decreased the time taken for experimental 
drug discovery and vaccine development (Bohr and Memarzadeh 2020). ML-based 
strategies were found to be a boon during this pandemic, where scientists were able to 
accelerate vaccine development by predicting effective and robust binding sites (Ong 
et al. 2020). Imaging techniques like computed tomography (CT) were found to be an 
essential diagnostic aspect for severe cases, which has also been used to predict severity 
using AI and ML assisting diagnosis (Mei et al. 2020). Biomarker identifcation using 
omics approaches with AI and ML has also been accelerated throughout the globe, 
which has resulted in a better understanding of COVID-19 severity and biology (Yao et 
al. 2020; Shu et al. 2020). In addition, AI and ML have contributed to the classifcation 
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of disease-associated issues like predicting people’s mental health, country-wise risk 
prediction, and recovery (Dawel et al. 2020). Overall, there has been tremendous sup-
port from AI and ML, which is helping to fght COVID-19 and making life easier. 

11.2 Role of big data analysis in combating 
the COVID-19 pandemic 

The COVID-19 pandemic has shown a massive outburst of different kinds and 
spectrum of data: development of data lakes in industries/companies like Microsoft 
and Amazon, where data is stored in raw format. AWS data lake, C3.ai data lake, 
and Microsoft data lake were developed as one of the centralized repositories, with 
updated data regarding the spread and information of SARS-CoV-2 and COVID-
19. These data lakes include dashboards and visualization tools, epidemiology, 
healthcare resources, and literature (Dagliati et al. 2021). There have been extensive 
developments in drug discovery and clinical trials, enhancing therapeutic strate-
gies against COVID-19. AccessClinicalData@NIAID and ClinicalTrials.gov, both 
COVID-19-related studies, are two signifcant resources funded by NIH (National 
Institute of Health). A list of popular dashboards has been given in Table 11.1. 

TABLE 11.1 

Popular Dashboard for Tracking COVID-19 

S. No. Dashboards Link Summary 

1 WHO COVID-19 https://covid19.who.int/ Spread of COVID-19 and 
Dashboard global status of vaccine 

administration 

2 COVID Trends https://aatishb.com/covidtrends/ Tracks daily cases and 
cases of COVID-19 

3 ECDC Dashboard www.ecdc.europa.eu/en/ Real-time updates about 
geographical-distribution-2019-ncov- COVID-19 from Europe, 
cases Asia, North America, 

and Australia 

4 John Hopkins https://gisanddata.maps.arcgis.com/ Spread of COVID-19 
University apps/opsdashboard/index.html#/ around different 
Dashboard bda7594740fd40299423467b48e9ecf6 continents of the world 

5 The COVID https://covidtracking.com/data/ COVID-19 positive, 
Tracking Project negative, and mortality 

based on testing 

6 The University of https://hgis.uw.edu/virus/ COVID-19 cases in the 
Washington world and infection 
Dashboard points 

7 University of https://nssac.bii.virginia.edu/covid-19/ Cumulative view of 
Virginia COVID-19 dashboard/ infections, deaths, and 
Dashboard recovered cases 

8 WORLDOMETER www.worldometers.info/coronavirus/ Spread of COVID-19 
around different 
continents of the world 

https://covid19.who.int
https://aatishb.com
http://www.ecdc.europa.eu
https://gisanddata.maps.arcgis.com
https://covidtracking.com
https://hgis.uw.edu
https://nssac.bii.virginia.edu
http://www.worldometers.info
http://www.ecdc.europa.eu
http://www.ecdc.europa.eu
https://gisanddata.maps.arcgis.com
https://gisanddata.maps.arcgis.com
https://nssac.bii.virginia.edu
http://ClinicalTrials.gov
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Genomics plays an essential role in COVID-19 research in understanding its ori-
gin and vulnerability (Mehrian-Shai et al. 2020). The application of genomics has 
helped identify the mutations of SARS-CoV-2, which has also helped alter the pro-
tein secondary structure (Nguyen et al. 2021). Development of databases and reposi-
tory which majorly includes NCBI SARS-CoV-2 Resources (www.ncbi.nlm.nih.gov/ 
sars-cov-2/) and other databases like CoV-GLUE, provides information on amino 
acid variation like replacements, insertions, and deletions found in the COVID-19 
virus during this pandemic (Singer et al. 2020). IndiCoV is an extensive resource 
for SARS-CoV genomes and variants from India (https://clingen.igib.res.in/indi-
cov/). The proteomics data repositories like PRIDE, PeptideAtlas, MassIVE, jPOST, 
approx and Panorama Public, which comes under the collaborative consortium 
ProteomeXchange (PX), have aided in transparent data submission and access, which 
has accelerated the meta-analysis and integrated omics analysis (Deutsch et al. 2020). 

11.3 Role of AI and ML in drug discovery 
and precision medicine 

The introduction of genomics in disease biology has accelerated drug discovery 
and precision medicine (Dugger, Platt, and Goldstein 2018). AI has been an excel-
lent tool to achieve some of the approaches of precision medicine. Scientists are 
now using the thorough study of AI in risk prediction, diagnostic, drug repurpos-
ing, and development (Santus et al. 2021). Drug development strategies and preci-
sion medicine have already been implemented in cancer studies which have been 
possible due to the rapid development in genomics, epigenetics, and proteomics 
felds (Seyhan and Carini 2019). However, COVID-19 pandemics have made its 
utilization and implementation to higher levels. In one of the studies carried out 
by the University of Cambridge, where they implemented ML models to answer 
questions like (1) how many patients are likely to be kept on a ventilator in a com-
ing week; (2) if there is a ventilator crisis, then which patient should be preferred 
based on the illness of both the patients, and (3) ICU beds count in the coming 
week. Answers to such problems have helped UK public hospitals to manage daily 
rising cases easily (Anon 2021). In research at the Tongji Hospital, Wuhan, China, 
by screening electronic health records of 375 patients and by implication of AI 
(gradient-boosted decision tree model), they have identifed the patient at higher 
risk of mortality. They also retrieve tree prognostic features on training the model 
(Yan et al. 2020). These predictions-based studies along with multi-omics studies 
have helped in building the foundation for drug discovery research of COVID-19 
using drug repurposing strategies (T. U. Singh et al. 2020). In the view of COVID-
19, a study has identifed 332 high-confdence proteins–human protein interactions 
(PPIs) experimentally and they are connected with many biological processes: 69 
ligands with drugs approved by FDA along with few compounds in clinical tri-
als (Gordon et al. 2020). One of the studies of drug repurposing in the context 
of COVID-19 found baricitinib, which is a potential drug used for the treatment 
of rheumatoid arthritis. to show potential in reducing the COVID-19 progression 
using modeling algorithm (Richardson et al. 2020). 

http://www.ncbi.nlm.nih.gov
http://www.ncbi.nlm.nih.gov
https://clingen.igib.res.in
https://clingen.igib.res.in
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COVID-19 Disease Map project is an international effort building an open-source 
resource for growing, arranged integration of data and knowledge bases to support 
pathway analysis, virus–host interaction, and various computational and disease 
modeling (Ostaszewski et al. 2020). In one of the studies from India, drug repur-
posing approach and molecular docking studies led to the identifcation of potential 
drug candidates for COVID-19 (Suvarna et al. 2021). The role of genomic analy-
sis for an individual drug response to achieve personalized medicines and drugs 
is categorized in the feld of pharmacogenomics (Nelson et al. 2016). An AI model 
like deep-docking has been developed for predicting SARS-CoV-2 epitopes to the 
immune system (Ton et al. 2020). A study which provided a survey on different 
AI-based models for drug discovery concluded that spike protein of SARS-CoV-2 
is responsible for initiating the interaction of viral with the host on ACE2 receptor 
(Hoffmann et al. 2020). 

11.4 Machine learning methods 

Machine learning is a large feld that superimposes and inherits ideas from 
various related felds and comes under artifcial intelligence. ML is classifed 
into many subcategories but especially it is divided into three major domains: 
supervised, unsupervised, and reinforcement learning. An overview of popular 
machine learning algorithms along with the classifcation has been shown in 
Figure 11.1. 

11.4.1 Supervised learning 

Under this learning, the machine is trained by giving a prior set of data. Any desirable 
model or algorithm fts the data and predicts the outcome of the new data. Supervised 
learning is further classifed under (1) classifcation and (2) regression learning. 

11.4.1.1 Classification 

Classifcation, as the name suggests, helps us to classify the data into some cat-
egorical value. In the view of COVID-19, it could help predict whether or not a 
given sample is COVID-19 positive or negative and if it is positive, then what 
severity level is associated with it, by implementing ML classifer on the omic 
dataset. In a study, based on clinical information, blood and urine data build 
and compare multiple ML classifers to classify COVID-19 severely infected 
patients and mild patients (Yao et al. 2020). Some of the popular classifers are 
as follows: 

• Logistic regression: Logistic output is the probability value for the given 
input. This method uses a logistic function in the ftting of the data. This 
method is employed when the output variable is of some binary nature. 
For example, COVID-19 Positive Group and COVID-19 Negative Group 
or even a binary number (0,1). 
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FIGURE 11.1 Overview of artif cial intelligence, machine learning, and deep learning. 
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• Support vector machine (SVM): In this method, let’s say we have n-dimen-
sion data. Then this n-dimension data is plotted in an n-independent axis 
with corresponding features value. Now, a hyperplane is chosen which 
best segregates the two or more classes of the variables. When new data 
is put into this model, then the value is predicated on how the hyperplane 
fts the data. This classifcation method has been widely used by different 
studies and reported as the potential strategy in plasma biomarker identi-
fcation in one of the studies of COVID-19 (Suvarna et al. 2021). 

11.4.1.2 Regression 

Unlike classifcation, regression helps to predict output which has a dynamic appli-
cation. In a view of COVID-19, many epidemiology studies came to notice. One 
work from South Korea showed the potential of popular ML models like regres-
sion, decision trees in implementing survival analysis (Muhammad et al. 2020). 
Some of the commonly used regression methods are as follows: 

• Linear regression: This method is very similar to correlation. In this 
method, the concept of least square distance is used to ft the dataset. Once 
we obtain the desirable line, the prediction is made by ftting the line. 

• Ridge and Lasso regression: These two methods are mainly used when the 
dataset suffers from multicollinearity, i.e., two or more independent vari-
ables are highly correlated. In such cases, it is important to reduce or remove 
correlated features. These models are frequently used in the classifcation of 
infection, usually when the analysis is performed on a multi-omics dataset. 

• Stepwise regression: This method also aims for the same purposes, i.e., 
to reduce the features, but feature selection is done by adding/dropping 
covariates (if any) by forward and backward selection. 

11.4.2 Unsupervised learning 

Unlike supervised learning, under this learning machine is not trained by giv-
ing a prior set of data, but rather unlabeled data is given for training the model. 
Unsupervised learning is further classifed into clustering and association learning. 

11.4.2.1 Clustering 

There are many different types of algorithms like k-means, centroid-based, mean-
shift, and hierarchical-based. The logic was all the algorithm is to group the dataset 
and verify the grouping position by reiterating the process once more. 

11.4.2.2 Association 

Apriori, Euclat, FP-growth, and Rule Mining are some of the popular known asso-
ciation algorithms. 
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11.4.3 Reinforcement learning 

This method works in the same fashion as the Markov decision method in which 
an agent uses an environment to produce action and reward its own output. 
Commonly used algorithms under this method are Q-learning, Markov decision 
process, SARSA, and DQN. In the pandemic time, many studies came up for the 
optimized lockdown period to be implemented to control the virus spread. One 
such study used an AI-driven approach with a reinforcement algorithm to predict 
the lockdown duration taking the epidemiological dataset (Khadilkar, Ganu, and 
Seetharam 2020). 

11.4.4 Dimension reduction 

Dimension reduction has become of utmost importance not only in AI/ML but also 
in data analysis found in many biomedical studies. Particularly, we aim to reduce 
our features to potential features by deleting features which are contributing to the 
noise in the dataset or giving an unexpected result than other dataset. The most 
commonly used dimension reduction algorithm used for biomedical data is princi-
pal component analysis (PCA). MetaboAnalyst is an open computational software 
that contains PCA analysis (Chong et al. 2018). Some of the commonly used dimen-
sion reduction algorithms are Multidimensional Scaling (MDS), Isometric Feature 
Mapping (Isomap), Non-linear Dimensionality Reduction Methods, and Linear 
Discriminant Analysis (LDA). 

11.5 Role of AI and ML in the development 
of software, tools, and algorithms 

11.5.1 MATLAB 

Regression learner’s app and classifcation app for ML and deep neural network 
for DL in MATLAB are elementary to use and provide great insights of data and 
model prediction. There are many features like descriptive statistics and visualiza-
tion, probability distribution, cluster analysis, features extraction, and many ML 
models, which are very descriptive for explaining the signifcance of any biological 
data. This software performs all model predictions and data visualization manually 
and also generates code for the same (www.mathworks.com/help/stats/machine-
learning-in-matlab.html). 

11.5.2 Anaconda 

Python is one of the most loved languages by coders. This software is very user-
friendly, and by using inbuilt functions and writing very few lines of code, we can 
come with tremendous results. In the perspective of ML, many tools like scikit-
learn provide many codes with raw data, at least for popular ML models. We all 
need to implement that code in our dataset. This software is encouraged to moder-
ate to a high level of coding background (www.anaconda.com/). 

http://www.mathworks.com
http://www.mathworks.com
http://www.anaconda.com
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11.5.3 Orange 

Orange is an emerging software that has Python open-source libraries like NumPy and 
scikit-learn. This software unlike other programming software requires only manually 
placing of different widgets on the canvas interface. There are many features from data 
visualization, bioinformatics, to building ML models. Computational time is compara-
tively less than Python and it’s a super user-friendly software. Even a non-programmer 
can easily learn and assign tasks in the orange (https://orangedatamining.com/). 

11.5.4 Most popular machine learning tools 

scikit-learn for Python users, shogun for C++ users: This software contains all the 
library and code for popular models. We need to write a similar code for our data 
by adjusting the data validation score and split ratio as per our discretion. Python 
users are encouraged to explore the scikit-learn library for ML models. 

11.6 Application of machine learning in multi-omics data 
analysis and biomarker prediction of COVID-19 

One of the recent proteome studies on the cellular processes and host factors respon-
sible for infection was reported using the SARS-CoV-2-infected cell line model. This 
part has aided in the further identifcation and drug target and the development of 
therapeutic modalities (Bojkova et al. 2020). In addition, Gordon et al. have utilized 
affnity purifcation-mass spectrometry to identify viral proteins interacting with 
host proteins which have further been incorporated in Human Protein Atlas database 
(Gordon et al. 2020; Uhlen et al. 2010). Furthermore, researchers around the globe 
have looked at the transcriptome, proteome, and metabolome profles of clinical sam-
ples like blood plasma, nasopharyngeal swab, and urine from COVID-19 patients 
to identify the underlying biological pathways that get altered due to SARS-CoV-2 
infection (Shu et al. 2020; D’Alessandro et al. 2020; Shen et al. 2020). It can be safely 
concluded from these reports that the disease progression, morbidity, and mortality 
of COVID-19 is a multifactorial event caused by a diverse set of dysregulated bio-
logical pathways: hemostasis, complement cascades, leukocyte migration, regulation 
of cell adhesion, platelet degranulation, regulation of peptidase activity, coagulation 
cascades, apoptosis, T-cell signaling, neutrophil degranulation, etc. 

Indian scientists and the research community has also investigated COVID-19 biol-
ogy to a great extent. Institute of Genomics and Integrative Biology (IGIB) devel-
oped a paper strip–based precise and rapid diagnostic test utilizing the CRISPR/Cas 
system. Their method reported 100% specifcity and 90.5% sensitivity as compared 
to RT-PCR and has the potential to augment currently available methods (P. Singh 
et al. 2020). A combined in silico and in vitro approach was utilized by Tiwari et al. 
to elucidate the mechanisms of SARS-CoV-2 pathogenesis. Another study reported 
deep proteome analysis of plasma and nasopharyngeal swab samples from COVID-
19 patients to reveal altered pathways, biomarkers for prognosis, and drug targets 
(Bankar et al. 2021). The altered proteome profle in plasma samples revealed a set 
of signifcantly dysregulated pathways in severe cases of COVID-19 as compared to 

https://orangedatamining.com
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FIGURE 11.2 Schematic workf ow of biomarker discovery using machine learning approaches. 
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non-severe ones (Suvarna et al. 2021). A supervised machine learning model helped 
identify prognostic markers from the plasma proteome data that could classify severe 
and non-severe COVID-19 patients. A tentative workfow of biomarker identifcation 
using an ML-based approach from omics datasets has been shown in Figure 11.2. 
Furthermore, in silico docking of potential drugs with host proteins involved in the 
identifed pathways was performed for drug repurposing (Suvarna et al. 2021). A list of 
AI- and ML-based application in COVID-19 research has been provided in Table 11.2. 

TABLE 11.2 

List of Machine Learning–based Application in COVID-19 Research 

Summary of ML Approach Keywords/ Corresponding 
S. No. PMID Used in the Study Dataset Used Author 

1 33128875 Implementation of penalized 
logistic regression (PLR), a 
ML model with model training 
and parameter optimization 
gave best subset of biomarker 
to classify COVID-19 samples 

2 33476063 Analysis of epidemiological 
data to predict early alert for 
spreading of communicable/ 
non-communicable disease 

Disease diagnosis by pattern 
recognition using medical CT 
images. 

3 32568676 1020 CT (computed tomography) 
slices with around 108 
COVID-19 positive patients and 
86 patients with viral pneumonia 
diseases, but COVID-19 negative 
trained in ten well-known 
convolutional neural networks 
(CNNs) were implemented to 
distinguish COVID-19 positive 
and negative patients 

4 33063049 ML models like decision tree, 
SVM, Naive Bayes, and 
Random Forest were applied to 
the COVID-19 epidemiological 
dataset of patients of South 
Korea. Models key predictions 
are as follows: 1. The 
maximum and minimum 
number of days taken for given 
COVID-19-infected patients to 
recover from the infection, 2. 
Determining which age groups 
are at high risk or low risk 
from getting the infection 

Biomarker Dr. Xi Zhou 
selection on 
omics dataset 

Epidemiological, Dr. Kuldeep Dhama 
CT scan, and 
X-ray 
radiographic data 
for classifcation 
of COVID-19 
severity 

CT scan data for Dr. Afshin 
detection of Mohammadi 
COVID-19-
infected sample 

The Dr. L.J. Muhammad 
epidemiological 
dataset used for 
survival analysis 

(Continued) 



 

 

 

214 Multi-Pronged Omics Technologies to Understand COVID-19 

TABLE 11.2 (Continued) 

Summary of ML Approach Keywords/ Corresponding 
S. No. PMID Used in the Study Dataset Used Author 

5 32850809 Implemented ML models like 
SVM, Random Forest, KNN, 
and Logistic Regression 
followed by feature selection 
to get 28 biomarkers for 
classifcation of severity of 
COVID-19 with an accuracy 
greater than 0.81 

6 33457181 Illustration of DL to 
Diagnostics, Protein Structure 
Prediction, and Drug 
Repurposing for COVID-19. 
DL has been implemented in 
monitoring infection spread 
forecasting. 

7 33046370 Took CT image of 99 
COVID-19 positive patients, 
and used Random Forest 
model for classifcation of 
samples, and Regression 
model to predict the infection 
severity (moderate, severe, and 
critical) and recovery days, the 
duration of the oxygen supply 
needed 

8 33539308 1. Implemented an autoML 
model to train and select 
various ML model. 2. Selected 
the high-accuracy model that 
predicted the patients’ survival 
rate from COVID-19 
infection. 3. Identifed which 
variables (biomarkers, clinical 
vital signs, etc.) are dominant 
variables that infuence model 
accuracy 

9 33171345 Implementation of an 
automatic process (with the 
help of 2D and 3D deep 
convolutional neural 
networks) for quantifcation 
of COVID-19 infection by 
extracting and selecting the 
image characteristics 
directly from the CTs and 
fuse them with the known 
clinical and biological 
markers 

Biomarker 
selection on 
omics dataset 

Epidemiological 
dataset to model 
virus spread, 
other image 
analysis dataset 

CT quantifcation 
for getting 
various patient’s 
hospital-
relevant 
information 

ML model 
selection and 
survival analysis 
on clinical and 
epidemiology 
dataset 

AI-based 
quantifcation 
on various 
datasets like 
multi-omics 
and CT 
images 

Dr. Guoqing Wang 

Dr. Connor Shorten 

Dr. Tingbo Liang 

Dr. Morayma Reyes 
Gil 

Dr. Nikos 
Paragios 
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11.7 Machine learning: Empowerment 
during COVID-19 pandemic 

The ongoing pandemic has shown a signifcant increase in the attention on AI and 
as a result a lot of development are being made in the feld of AI/ML to solve or 
tackle the pandemic problems smartly. One such AI-driven algorithm was BluDot 
that deduced the SARS-CoV-2 virus in around nine days in China before WHO 
offcially published its result (Allam, Dey, and Jones 2020). In Wuhan, a team of 
scientists implemented a AI robot–based algorithm which could instantly analyze 
the blood samples of COVID-19-infected patients to predict vital results on survival 
analysis (Kukar, Nayar, and Koya 2020). Deep learning model like COVID-Net 
emerged as an important tool which scans chest X-rays to get result if the patient 
is COVID-19 infectious or not (Wang, Lin, and Wong 2020). The emergence of 
pandemic also alerted people to a great extent and as a result, many syndromic sur-
veillance platforms came forward which monitored and forecasted different respi-
ratory viral outbreaks, like SARS-CoV-2 (Güemes et al. 2021). Sudden increase 
in the COVID cases also had an increased load in the hospital. To deal with the 
problem of less hospital staff and facilitating the patients in the hospital, AI robots 
were used in the Wuhan hospital (Dananjayan and Raj 2020). 

11.8 Conclusions 

The AI and ML have helped during COVID-19 pandemic and still helping in a differ-
ent aspect to make life easy. With time, it has been seen that AI and ML applications 
have been introduced in solving COVID-19-related problems in multiple sectors like 
healthcare, business development, contact tracing, and data management. The bio-
marker identifcation and drug discovery have been upgraded to an advanced level 
after applying AI and ML, which has accelerated the diagnosis and treatment strate-
gies during this pandemic. The prediction analysis using AI and ML has helped under-
stand the upcoming COVID-19 waves, which might help study future pandemics. 
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