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A B S T R A C T   

The COVID-19 pandemic has revealed the need for the increased integration of modelling and data analysis to 
public health, experimental, and clinical studies. Throughout the first two years of the pandemic, there has been 
a concerted effort to improve our understanding of the within-host immune response to the SARS-CoV-2 virus to 
provide better predictions of COVID-19 severity, treatment and vaccine development questions, and insights into 
viral evolution and the impacts of variants on immunopathology. Here we provide perspectives on what has been 
accomplished using quantitative methods, including predictive modelling, population genetics, machine 
learning, and dimensionality reduction techniques, in the first 26 months of the COVID-19 pandemic approaches, 
and where we go from here to improve our responses to this and future pandemics.   

1. Introduction 

Severe respiratory syndrome coronavirus 2 (SARS-CoV-2), which 
causes coronavirus disease 2019 (COVID-19), was first identified in 
Wuhan, China in December 2019 and set off a pandemic that we are still 
grappling with in mid-2022. In response to this global threat, the sci
entific community rapidly mobilized to study and better understand 
SARS-CoV-2 genomics, its spread between individuals, its effects within 
hosts, and prevention and treatment strategies. Within this scope, 
mathematical and computational modelling has been heavily leveraged 
to assist public health and clinical decision making. The COVID-19 
pandemic is one of the best examples of the real-time implementation 
of applied mathematical modelling (especially computational model
ling) to answer crucial questions about the within-host response to a 
virus from its emergence in the population. In this vein, here we evaluate 
the impact that within-host modelling has had on our ability to 

understand the multiple challenges presented by the COVID-19 
pandemic so we can learn from the strengths and weakness of the 
modelling community’s response. This evaluation is critical to planning 
our continued response to this and future emerging infectious diseases. 

The manifestation of COVID-19 in individuals is highly variable, 
ranging from asymptomatic to life-threatening. The inflammatory 
response is particularly important for controlling SARS-CoV-2 in
fections, and explains the wide-ranging symptoms observed in COVID- 
19. As with previous beta-coronaviruses (SARS-CoV-1 and Middle East 
respiratory syndrome or MERS), patients with severe disease typically 
exhibit high degrees of uncontrolled inflammation that is absent in in
dividuals with mild infections. A concerted and intensive research effort 
was thus deployed to better understand the immunological factors 
determinant of and contributing to disease severity. In combination with 
clinical and experimental efforts, researchers using mathematical and 
computational immunology have been relied upon to help untangle 
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complicated longitudinal immunological data, and to use model pre
dictions to generate new hypotheses about factors influencing disease 
severity and dynamics. As highlighted below, these models build upon 
the well-established basic viral dynamics and target cell limited models 
that have been used extensively to characterize other viral infections, 
including influenza, HIV, HPV, and oncolytic viruses. In parallel, 
computational approaches characterizing genetic evolution have been 
critical for improving our understanding of emerging variants and 
within-host viral evolution. Advanced data visualization and artificial 
intelligence techniques have also been deployed to characterize clinical 
features of COVID-19 and design more effective treatments and vaccines 
(Fig. 1). 

In this perspective, we review the state of within-host modelling, 
computational population genetics, and data science and machine 
learning approaches developed and applied to SARS-CoV-2 to date. We 
also summarize the types of findings obtained thanks to these tools when 
applied to analyse diverse features related to COVID-19. However, given 
the need for fast dissemination of these methods, we note that the results 
remain preliminary in many cases, such that our focus is to give critical 
insight into the methodological advancements rather than on the bio
logical discoveries. Future modelling directions for the COVID-19 and 
future pandemics are then discussed as a guide for our continued 
response to this and future emerging infectious diseases. Note that this 
review does not cover epidemiological models. For further reading on 
contributions in this field, please see, for example, Iranzo and Pérez- 
González [1] or Saldaño and Velasco-Hernández [2]. Our review is 
divided into six sections. First, we provide a brief introduction to the 
state of the field at the beginning and throughout the pandemic. Next, 
we describe modelling approaches to study within-host dynamics. The 
third section covers the description of mathematical methods to study 
the genetic origins of SARS-CoV-2 and emerging mutations, before we 
describe the various methods of dimensionality reduction to study and 
visualize immunological data from COVID-19 infected individuals in a 

fourth section. The fifth section is dedicated to predictive machine 
learning approaches to study the immunopathology of SARS-CoV-2 and 
vaccine and drug development. We conclude with future perspectives to 
help navigate this and the next pandemic. 

2. Within host-modelling in the two years of the COVID-19 
pandemic 

2.1. Within-host immunological mathematical models based on ordinary 
differential equations 

Various mathematical models have been successfully applied to 
characterize viral load kinetics of infectious viruses including influenza 
[3–12], SARS-CoV-1 [13,14], and MERS [15,16]. Since the emergence of 
COVID-19, studies have used a series of viral dynamics models to cap
ture critical features of SARS-COV-2 infection processes. In this section, 
we focus on the deterministic within-host models that describe viral 
expansion and the corresponding immune responses after infection. 
Mathematical models have also been used to capture and predict the 
pharmacodynamic effects of various therapies to study the efficacy of 
proposed or existing treatments [17–20], helping the search for effective 
therapeutic strategies. 

The target cell limited model is the simplest model to capture the 
viral dynamics of SARS-CoV-2 and has been used in many studies 
[21–23]. According to this model, the basic reproduction number (R0) 
that measures the infection persistency (i.e., the number of cells infected 
by a single virion) is given by R0 =

pβT0
cδ , where p, β, c, δ and T0 are the 

virion production rate, the infectivity rate, the rate of viral elimination, 
the death rate of infected cells, and the initial amount of target cells, 
respectively [23,24]. Asymptotically, if R0 < 1, the infection will be 
eradicated, which is the goal of anti-viral treatment, and if R0 > 1, the 
infection will grow. Thus, the interpretation of the within-host infection 
persistency is the same as the R0 in epidemiological models. 

Fig. 1. Computational approaches to understanding the immune response and immunopathology in COVID-19 across scales. Beginning at the level of genes, the 
application of population genetics techniques enables the quantification of SARS-CoV-2 mutational patterns and dynamics (Section 3). Bioinformatics integrates 
computational and analytical methods to describe and interpret biological data through a variety of approaches, including dimensionality reduction (Section 4). 
Mathematical and computational modelling are means to quantitatively study and predict the immune response and immunopathology in COVID-19 (Section 2). 
Machine learning algorithms are able to effectively process multidimensional data and provide insights into complex systems that contribute to vaccine development 
and drug repurposing for COVID-19 (Section 5). 
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Unfortunately, this value becomes difficult to calculate as models 
become more complex. 

Since infected cells usually take several hours to days before they 
start to produce infectious viral particles, a common extension of the 
target cell limited model is to consider an eclipse phase for infected cells 
which was first proposed by Baccam et al. [9] (see also, for example, 
Mittler et al. [25], Li and Shu [26], and reviews by Beauchemin and 
Handel [3] and Koelle et al. [27]). Based on the target cell limited model 
with an eclipse phase (during which cells are infected but not yet pro
ducing infectious virus), Néant et. al. [28] assumed that only a fraction μ 
of viral particles remained infectious while 1 − μ were noninfectious. 
They studied the relationship between viral kinetics and mortality on a 
cohort of French COVID+ hospitalized patients and explored which viral 
dynamics are associated with COVID-19 outcomes. For instance, they 
found that high viral loads in individuals were associated with mortality. 
Further, by integrating an antiviral drug model, their model predicted 
that a drug with 90% efficacy could accelerate viral clearance and 
decrease mortality. 

SARS-CoV-2 causes infection in both the upper respiratory tract 
(URT) and the lower respiratory tract (LRT), with distinct infection 
dynamics in each tissue [29]. Ke et. al. [30] combined two extended 
target cell limited models and allowed for virus to move between the 
URT and LRT to capture the viral shedding dynamics in each compart
ment. By fitting the models to viral load data of nine SARS-CoV-2 
infected patients reported in Wölfel et al. [31], their results indicated 
that the viral load dynamics in the URT provide an approximation for a 
person’s infectiousness. They also determined that the long-term dy
namics of SARS-CoV-2 are seeded by the continuous infection of new 
target cells in the LRT. Similarly, Wang et al. [32] constructed a model 
that included pneumocytes and lymphocytes as two groups of target 
cells. They concluded that their model significantly improved the fit of 
clinical data from both the URT and the LRT, through a comparison of 
model fits using the target cell limited model and its extended version 
with an eclipse phase. Moreover, they found that their extended model 
could exhibit a plateau after the initial viral load in the viral load curve 
which provides a better reflection of the underlying biology. 

As viral loads have been found to be positively correlated to 
inflammation, several modelling studies have combined inflammation 
kinetics and viral kinetics. Starting from the basic SIV model, Fadai et al. 
[33] constructed a model with five components to capture inflammation 
kinetics, viral infection, and novel mechanisms of SARS-CoV-2, 
including recruited immune system cells, free SARS-CoV-2 virus, cells 
susceptible epithelial lung cells, infected cells, and pro-inflammatory 
mediators. Their model was able to capture the main clinical features 
observed in COVID-19 patients and their results indicated that early 
therapeutic intervention may effectively prevent the emergence of 
hyperinflammation, therefore decreasing the risk of severe disease. 
However, the finding of an unstable healthy steady state when the 
infection equilibrium exists suggests potential issues with this approach, 
given that individuals with moderate and severe disease can nonetheless 
successfully clear the virus. 

As the first line of pre-existing defense in the host, innate immunity 
responds quickly to pathogens without requiring prior exposure. During 
the innate immune response, type-1 interferon (IFN) an important 
cytokine produced by infected cells can downregulate viral replication 
in infected and neighbouring cells [34], and activate immune cells 
during infection, including macrophages and natural killer cells, which 
can destroy infected cells [35–37]. Adaptive immunity develops over 
time after exposure to viruses and is mediated by lymphocytes including 
T cells and B cells. Therefore, researchers may use systems of delay 
differential equations to quantify the immune responses to viral dy
namics. To study the immune responses to SARS-CoV-2, most studies are 
conducted considering both innate and adaptive responses rather than 
discussing their impacts separately. 

In Goyal et al. [37], the authors extended the basic 
susceptible-infected-virus in-host model by considering the generation 

and function of effector T cells and characterizing both innate and 
adaptive immune responses to SARS-CoV-2 infection for individual pa
tients in their cohort. For this, they included the stepwise production of 
effectors. Their model was shown to accurately characterize viral 
shedding kinetics, including viral expansion, a rapid decrease after an 
early peak, a slow decline period, and a final accelerating clearance 
phase for all patients. Subsequently, they studied the effects of drug 
timing on SARS-CoV-2 kinetics using their model. Their results 
improved our understanding of the immunopathology of SARS-CoV-2 
infection and helped determine the optimal timing for 
anti-SARS-CoV-2 therapies. Overall, this work contributes to the 
development and optimization of therapeutic treatments in viral 
infections. 

Jenner et al. [38] developed a mechanistic mathematical model to 
describe the within-host immune response to SARS-CoV-2 that modelled 
the interactions between epithelial cells, innate and adaptive immune 
cells (including CD8+ T cells, neutrophils, macrophages, and mono
cytes), and cytokines. Furthermore, cytokine production dynamics and 
cytokine binding kinetics were explicitly considered by modelling both 
bound and free cytokine concentrations. After validation of the model 
against clinical and experimental data, Jenner et al. studied heteroge
nous COVID-19 severity in a virtual patient cohort. Their results iden
tified key regulation processes of the immune response to SARS-CoV-2 
infection in these virtual patients and suggested viable therapeutic tar
gets, underlining the importance of a rational approach to studying 
novel pathogens using intra-host models. 

Padmanabhan et al. [39] used a mathematical model of SARS-CoV-2 
entry and dynamics to study the efficacy of repurposing drugs that block 
the activation of spike protein by two host proteases - TMPRSS2 and 
cysteine proteases Cathepsin B/Ls. Their results uncovered that treating 
both pathways independently provided successful prevention of virus 
entry. In their in silico study, Voutouri et al. [40] investigated the impact 
of risk factors such as age and existing comorbidities on disease pro
gression to help establish optimal treatment courses. They developed a 
mathematical model predicting the expansion of infection that incor
porated a patient’s baseline health status. Their results indicated that the 
outcome of any therapy was strongly associated with the response rate 
of CD8+ T cells and balanced innate immune responses. 

Immunological memory, including cellular and humoral memory 
produced by memory B cells, memory CD4+ and CD8+ T cells, and/or 
antibodies, is crucial for protection against re-exposure to infection and 
generating a long-term immune response to SARS-CoV-2. Numerous 
studies have successfully applied mathematical models to describe im
mune memory to influenza virus [4–6] and an increasing number of 
immunological studies [41–43] are revealing the different kinetics of B 
cell memory and T cell memory after SARS-CoV-2 infection. However, 
mathematical modelling studies quantifying immune memory to 
SARS-CoV-2 infections remain limited and warrant further study. 

Memory responses are also particularly important to understand 
vaccine efficacy and establish optimal vaccination schedules. In that 
vein, Farhang-Sardoori et al. [44] constructed a mathematical model of 
the development of the memory immune response after 
adenovirus-based COVID-19 vaccines. Their model included 
antigen-presenting cells, CD8+ T cells, and cytokines including IL-6. The 
authors studied various vaccination strategies, including dose fraction
ation and extending the time between primers and boosting. For regi
mens with two standard doses or a standard dose followed by a low dose, 
they found that the minimum promoted antibody response was com
parable with the neutralizing antibody level of 175 COVID-19 recovered 
patients. Their approach to investigating immune memory by intro
ducing vaccine particles into within-host models provides a framework 
for vaccine selection and optimizing vaccination scheduling. This has 
been shown to be particularly salient for over the course of the 
pandemic, especially with respect to vaccine shortages and 
manufacturing delays. Similarly, Korosec et al. [45] used an extended 
version of the Farhang-Sardoori et al. model [44] to understand the 
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long-term humoral response to mRNA COVID-19 vaccines. Integrating a 
variety of data sources and using non-linear mixed-effects models to fit 
the data, they predicted an important decline in antibodies, notably a 
period longer than one month where an individual had less than 99% 
humoral immunity relative to peak immunity in the eight-month period 
following either Moderna or Pfizer mRNA vaccination. 

The studies discussed above, and many others [46–50] (see also the 
recent perspective paper by Prague et al. [51]), highlight the use of 
mathematical modelling of the immune response to establish effective 
schedules or public-health vaccination strategies. However, a limitation 
of these deterministic models is their inability to capture the impact of 
stochasticity in COVID-19 severity. Thus, a large majority of the 
within-host modelling discussed above has concentrated on non-spatial 
effects and mean-field approximations of viral infectivity which may be 
necessary to understand the full extent of damage in severe COVID-19. 

2.2. Computational, stochastic, and probabilistic models of SARS-CoV-2 
dynamics 

Computational stochastic modelling, including agent-based models 
(ABMs) [52], has become increasingly popular, particularly in oncology 
[52–54] and economics [55]. At the beginning of the COVID-19 
pandemic, ABMs were rapidly deployed to model epidemiological 
spread at the population level [56–61]. For example, Warne et al. [62] 
used a stochastic epidemiological model combined with Bayesian 
methods to analyse the government response to COVID-19 in 158 
countries and found that countries with the largest cumulative case 
tallies were characterized by a delayed response to the pandemic. Read 
et al. [60] developed an ABM of COVID-19 transmission to compare the 
impact of vaccination strategies while varying the temporal waning of 
vaccine efficacy following the first dose. They found no clear advantage 
of delaying the second dose with Pfizer-BioNTech. Garg et al. [63] 
constructed a stochastic model to predict antibody responses to different 
vaccine doses and timing. They found that reducing the first dose and 
increasing the time between doses results in improved responses, in 
agreement with clinical observations and the work of Farhang Sardroodi 
et al. [44] and Korosec et al. [45] discussed above. 

While insightful for understanding heterogeneous population dy
namics, such epidemiological models do not generally consider within- 
host dynamics or the immune response to infection. Given that immu
nopathology is characteristic of severe COVID-19, the ability to predict 
the kinetics of SARS-CoV-2 infection and the subsequent immune 
response at the tissue-level is essential for understanding COVID-19, its 
potential treatment, and the effects of vaccination. To that end, Sego 
et al. [64] developed an open-source platform for multiscale spatio
temporal simulation of epithelial tissue, viral infection, cellular immune 
responses, and tissue damage. This platform is specifically designed to 
be modular and extensible to support continuous updating and parallel 
development. By simulating the treatment of COVID-19, their results 
suggest that drugs that interfere with viral replication (e.g., remdesivir, 
an antiviral prodrug) yield substantially better infection outcomes when 
administered prophylactically, even at very low doses [65]. Similarly, 
using a community development approach, Getz et al. [66] constructed 
a cell-based model of SARS-CoV-2 infections and the subsequent sys
temic and tissue-level immune response based on the PhysiCell platform. 
Their framework was developed by concatenating models for 
receptor-mediated SARS-CoV-2 endocytosis, viral-induced pyroptosis, 
innate and adaptive immune responses and antigen presentation, type I 
interferon (IFN) dynamics, and the memory response in the lymph 
nodes. Using their combined model, Getz et al. simulated the effects of 
varying type I IFN dynamics, which have significant correlations with 
severe disease outcomes [67], and found that variable type I IFN dy
namics induce large variations in immune cell numbers at the infection 
sites and determine the spatial distribution of these cells. These results 
provide us with an understanding of the spatial variation of local type I 
IFN dynamics and its impact on lung damage seen in human patients. 

A large-scale community effort has also been put towards building an 
open-access, interoperable, and computable repository of SARS-CoV-2- 
virus-host interaction mechanisms called the COVID-19 disease map 
[68] that is a standardized knowledge repository guided by input from 
domain experts and based on published work. The map is a platform for 
visual exploration and computational analysis of molecular processes 
involved in SARS-CoV-2 entry, replication, and host-pathogen in
teractions, including immune responses, host cell recovery and repair 
mechanisms. The COVID-19 disease map is therefore a resource for 
graph-based analyses and disease modelling. For example, the map 
contains the pathways of the SARS-CoV-2 replication and its transcrip
tion including all relevant proteins and cellular mechanics. The goal of 
the map is to collate the fast-growing number of new SARS-CoV-2 
publications in both human and machine-readable formats, support 
the research community in its understanding of this disease and to 
facilitate the development of efficient diagnostics and therapies. 

In addition to multiscale and mechanistic modelling of acute in
fections within the host, computational methods can also be used to 
speed up the long and costly process of vaccine development [69]. For 
example, an early study searching for vaccine candidates used in silico 
methods to compare the sequence of N and S proteins of SARS-CoV-2 to 
B and T cell epitopes derived from SARS-CoV [70]. They identified 
epitopes for which no mutation had been observed in SARS-CoV-2 as of 
the 21st of February 2020 and proposed that immune targeted of these 
epitopes may potentially offer protection against this novel virus. Their 
findings provided a screened set of epitopes that can help guide exper
imental efforts toward the development of vaccines against SARS-CoV-2. 

3. Population genetics of viral evolution 

In early 2020, Wu et al. [71] reported the first genome sequence of 
SARS-CoV-2. The 30 Kilobase (Kb) genome consists of a single-stranded 
positive-sense RNA and codes for 16 non-structural proteins (nsp), 4 
structural proteins, and 11 accessory proteins[72]. Since the release of 
the first genome sequence (NCBI Accession: NC_045512.2) [71], an 
unprecedented wealth of SARS-CoV-2 genomes have been sequenced 
internationally. Viral genomes accumulate mutations during the spread 
through human populations, with RNA viruses exhibiting the highest 
mutation rates of any group of organisms [73]. Since the introduction of 
SARS-CoV-2 RNA virus into human hosts, it has had a high mutational 
rate, despite its proofreading machinery involving the 
SARS-CoV-2-encoded 3′ exonuclease nsp14 [74]. Such high mutation 
rates increase the potential for fast viral adaptation and may hamper the 
development of vaccines and drugs. 

Over the course of the pandemic, we have had to respond to new 
viral genetic variants with distinct characteristics, called variants of 
interest (VOI) or variants of concern (VOC), which have potential or 
confirmed impacts on transmission and human health. VOC are variants 
that are shown to be more transmissible or virulent or evade vaccines 
[75,76]. Understanding why these variants are concerning requires an 
investigation of the genomic epidemiology and evolution of 
SARS-CoV-2. In the last two years, evolutionary modelling techniques 
have been widely deployed to identify new emerging genetic variants 
raising widespread concerns, and to evaluate the impact of mutations on 
transmission, disease severity, immune response, and vaccine efficacy. 

3.1. Phylogeny and population genetics to understand the origins and 
evolution of SARS-CoV-2 

The large number of SARS-CoV-2 genomes generated in near real 
time led to myriad of data analysis approaches to understand the 
ongoing evolution of the virus. Phylogenetic approaches were first 
applied to multiple Sarbecovirus species genomes, and these analyses 
identified RaTG13, a CoV previously isolated from bat, as being the 
closest relative of SARS-CoV-2 [77,78]. Phylogenetic inference tech
niques have since been widely applied to large SARS-CoV-2 datasets, 
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predominantly based on maximum likelihood methods, such as Tree
Time [79]. These approaches have brought informative inferences of 
evolutionary rates and time scale of the human outbreak. Using Bayesian 
phylogenetic analyses, Duchene et al. [80] argued that the phylody
namic threshold (the time at which the amount of observed molecular 
changes are sufficient for obtaining robust estimates from data) was met 
in March 2020 with hundreds of genomes, which allowed them to infer a 
time to the most recent common ancestor (TMRCA) between late 
October and mid-November 2019. However, phylogenetic tools have 
limitations in the context of millions of sequences, given the elevated 
computational demand and phylogenetic uncertainty due to highly 
similar sequences. Morel et al. [81] highlighted the difficulties of 
inferring reliable phylogenies given the high degree of sequence relat
edness, calling for a cautious interpretation of the downstream inferred 
parameters. Furthermore, by only looking at the consensus sequence 
extracted from a sequenced sample, the classic phylogenetic approach 
also misses useful information to investigate the underlying mechanisms 
of viral evolution within hosts, which is of particular importance to 
understand viral-host dynamics and immune evasion. 

On the other hand, as they are developed to study the evolution of 
populations using genetic sequences, population genetics models can 
accommodate varying levels of relatedness and divergence and can be 
applied at the level of the population or at the intra-individual scale to 
reveal the interplay between host-related mutational processes and 
transmission dynamics. Vasilarou et al. [82] modelled viral expansion in 
an approximate Bayesian computation (ABC) population genetics 
framework, an approach that uses stochastic simulations and summary 
statistics to bypass exact likelihood computation [83]. They investigated 
the evolution of early viral lineages and estimated the mutation rate of 
SARS-CoV-2 at 1.87 × 10− 6 nucleotide substitutions per site per day as 
of April 2020. This means that each 30Kb genome will accumulate 
approximately 20 mutations per year, with the most recent estimate 
being up to 23.7 substitutions per year (https://nextstrain.org; accessed 
1 February 2022). This increase in mutation rate within a two-year 
period reflects mutational bursts observed in sequences, leading to 
emerging lineages acquiring tens of mutations in a short amount of time. 
De Maio et al. [84] highlighted several genome sequence analysis pit
falls that can lead to inaccurate inference of mutation rates, such as 
assuming evolutionary equilibrium, not accounting for convergent 
mutations (recurring mutations, arising independently), and ignoring 
skewed mutational spectrum. Indeed, an excess of C-to-U mutations 
(40% of all single nucleotide variations) has been observed in 
SARS-CoV-2 and may be reminiscent of host-driven phenomenon, such 
as the action of human apolipoprotein B mRNA-editing enzyme, cata
lytic polypeptide (APOBEC) activity on single-strand RNA [85]. 

3.2. Genomic surveillance, natural selection, and variants of concern 

The high prevalence of a newly arising mutation is determined by 
random drift and natural selection. When a limited number of viral 
particles establish a new large population during transmission, known as 
super-spreaders or founder events, the mutations present in their 
genome will increase in frequency regardless of their effects on viral 
fitness (its capacity to replicate and infect another host). For instance, 
Diez-Fuertes et al. showed that the earliest variants detected in Spain 
branched from a single viral clade, which they attributed to a founder 
effect [86,87]. Natural selection will also play a significant role in 
determining the fate of newly arising mutations, with those conferring a 
competitive advantage increasing in frequency (positive selection), and 
those reducing viral fitness being removed from the population of 
circulating viruses (negative selection). 

Tracking new SARS-CoV-2 variants and distinguishing the ones that 
achieved high prevalence through positive selection from the ones that 
are random events is a key question for viral genomic surveillance. 
Extensive genomic surveillance data allow for the reconstruction of the 
dynamics of lineages locally, as done by Vöhringer et al. [88] in the UK 

between September 2020 and June 2021, leading to the identification of 
71 different lineages across 315 English local authorities. The lineages 
were annotated using the Pangolin annotation system which is based on 
a computational approach that assigns to SARS-CoV-2 sequences the 
most likely lineage according to the Pango Lineage Nomenclature [89, 
90]. Using a Bayesian statistical model that estimates relative growth 
rates per lineage, this study tracked the fraction of genomes from 
different lineages in each local authority, accounting for differences in 
local epidemiological dynamics including in the rate of introduction of 
different lineages. Using classic population genetics statistical tools, 
Mostefai et al. [91] detected extensive population structure in viral 
genetic data from the first year of the pandemic, and characterized 
lineage expansion worldwide using changes in Tajima’s D statistics [92] 
over time. Using birth-death processes, Scholer et al. [93] were able to 
quantify the impact of interventions on the extinction probability of 
deleterious SARS-CoV-2 variants, which is applicable in the initial 
outbreak of a new variant of concern. These studies showed how ana
lysing SARS-CoV-2 genomic data using population genetics can be useful 
to predict the fate of VOC. 

Population genetics modelling has also been used to detect mutations 
that give a competitive advantage with respect to viral replication, 
transmission, or escape from immunity. The first mutation inferred to be 
under positive selection was the D614G mutation in the spike glyco
protein, first detected in early March 2020 which then spread to become 
globally dominant in a few months. Volz et al. [94] used over 25,000 
SARS-CoV-2 sequences and applied maximum likelihood phylogenetics 
reconstruction and an exponential growth coalescent model to contrast 
the growth rates of the 614 G and 614D sequences. Others have used the 
ratio of nonsynonymous to synonymous substitutions [95] and conver
gent evolution inference [96] to detect positive selection in SARS-CoV-2 
genomes, but these methods did not all show conclusively evidence for 
positive selection at this mutation. This is in part because controlling for 
founder effects, population structure and sampling biases is a very 
difficult task, especially in the context of an emerging worldwide 
pandemic with low global viral genetic diversity. Nevertheless, in vitro 
data and animal models have confirmed the effects of D614G on re
ceptor binding, indicating that 614 G viruses transmit more efficiently 
[97,98]. 

The D614G mutation is seen in all VOC, but Alpha, Delta and Omi
cron have all acquired a high number of lineage-characteristic mutations 
(22 [B.1.1.7], 20 [B.617.2] and 49–53 [BA.1, BA.2], respectively) [99]. 
These mutational bursts suggest significant increases in evolutionary 
rates for these variants, from evolutionary processes potentially occur
ring within chronically infected hosts [100] or via human-animal 
transmission [101]. All of these VOC outcompeted existing pop
ulations of circulating variants, strongly supporting that positive selec
tion is the main driver of SARS-CoV-2 evolution at the population level. 

3.3. Human-host genetic interactions 

Host factors may play an important role in shaping SARS-CoV-2 
genomic landscape. Indeed, for a set of mutations to become a variant 
segregating in a host population, they must survive intra-host selective 
pressures. The mechanisms for variant emergence can thus also be 
studied using intra-host genomic diversity. RNA viruses evolve rapidly 
by evading selective pressures from the host’s immune response and 
adapting to the restrictive host environment. This leads to within-host 
selection for advantageous mutations, either generated from error- 
prone replications, or introduced by the host RNA-editing mechanisms 
[102,103]. These genetic variants within a host can be captured in 
next-generation sequencing reads as intra-host single nucleotide vari
ants (iSNVs). Ramazotti et al. [104] introduced a methodological 
framework to characterize the intra-host genomic diversity of viral 
samples, revealing undetected infection chains and pinpointing muta
tions subjected to convergent evolution. Graudenzi et al. [105] identi
fied specific distributions of nucleotide substitutions occurring within 
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hosts, which they call “non-overlapping mutational signatures”, possibly 
impacted by purifying selection. Pathak et al. [106] found that many 
Delta (B.1.617.2) lineage-defining mutations appeared as iSNVs before 
getting fixed in the population. Finally, early bioinformatics analyses 
suggested that C-to-U mutations could be caused intra-host by APOBEC 
enzymes [107,108], and Kim et al. [85] added experimental support to 
these computational predictions, showing that APOBEC3A can target 
specific SARS-CoV-2 viral sequences for RNA editing, with the resulting 
mutations likely contributing to viral fitness. 

Transmission bottleneck size, i.e., the size of the viral population 
transferred from the donor to the recipient, can also contribute to the 
intra-host viral diversity of the newly infected recipient individual. Popa 
et al. estimated the transmission bottleneck size of SARS-CoV-2 in the 
order of 1000 virion particles using viral genetic data [109]. However, 
re-examination of the same data set by Martin and Koelle demonstrated 
that SARS-CoV-2 exhibits a much narrower transmission bottleneck size 
(one to two virions) [110], a discrepancy they attributed to the 
low-frequency iSNVs, enriched for spurious mutations due to sequencing 
errors, called in the previous study. This illustrates the challenges in 
extracting meaningful information from sequencing data and the 
importance of stringent pre-processing of sequenced genomes to exclude 
artifacts. 

Given the variation in disease symptoms and severity observed in the 
population, host genetic factors may explain differences in COVID-19 
manifestations. Furthermore, susceptibility to infection may vary 
across individuals due to variability in genetically controlled pathogen 
clearance or persistence. Genetic association analysis in humans may 
thus allow for the identification of biological factors involved in the 
underlying progression and pathogenesis of the disease and in host 
susceptibility. A first Genome-Wide Association Study (GWAS) [111] 
was published in October 2020, detecting associations at two human 
genomic loci (3p21.31 and 9q34.2), both replicated in a meta-analysis of 
46 cohorts [112] as well as in a trans-ancestry cohort of over one million 
research participants [113]. The 9q34 locus encompassed the ABO blood 
group locus and suggests that blood type O is protective against infec
tion, unlike non-O blood types [114]. The chromosome 3 locus, which 
contains multiple candidate genes (including promising candidates such 
as SLC6A20 (Solute Carrier Family 6 Member 20), LZFTL1 (Leucine 
Zipper Transcription Factor Like 1), CCR9 (CC Motif Chemokine Re
ceptor 9), CXCR6 (C-X-C Motif Chemokine Receptor 6), was strongly 
associated with severe respiratory outcomes. The strongest candidates at 
this locus are SLC6A20, a transporter protein potentially forming a 
complex with ACE2, as well as chemokine receptors CXCR6 and CCR9. 
Specifically, several studies have now proposed CXCR6 as the causal 
gene, given its significant role, along with its ligand CXCL16, in the 
immunopathogenesis of severe COVID-19 [115–117], while epigenomic 
evidence also points to CCR9 and SLC6A20 as potential target genes 
[118]. Interestingly, Zeberg and Pääbo [119] identified a genomic 
segment within this locus that is inherited from Neanderthals, with each 
copy of this segment approximately doubling the risk of its carriers 
requiring intensive care when infected by SARS-CoV-2. Pairo-Casteneira 
et al. [120]. similarly found host genetic variants associated with critical 
illness in COVID-19 within DPP9 (Dipeptidyl Peptidase 9) (19p13.3) and 
IFNAR2 (Interferon Alpha And Beta Receptor Subunit 2) (21q22.1), as 
well as a gene cluster that encodes antiviral restriction enzyme activa
tors (OAS1, OAS2 and OAS3 (2′− 5′-Oligoadenylate Synthetase 1, 2, and 
3)) on chromosome 12. A haplotype inherited from Neanderthals was 
also found at this latter locus, this time associated with reduced risk of 
becoming severely ill [121,122], suggesting that this haplotype may 
have been advantageous to modern humans throughout Eurasia in 
response to past RNA viruses. Association with IFNAR2 polymorphisms, 
a gene which product mediates the cellular responses triggered by all 
type I IFN family members leading to the stimulation of antiviral genes 
[123], has been replicated in hospitalized patients with severe 
COVID-19 [124]. All the above-mentioned associated variants are 
commonly found in humans and do not show effect size heterogeneity 

between human populations, and therefore do not explain the differ
ences in SARS-CoV-2 infection rates and hospitalization between Latino 
and African American compared to Americans from European ancestry 
[125,126], suggesting that the socioeconomical status of an individual 
might have a stronger effect on COVID19 outcomes. Finally, larger 
studies of sequencing datasets are starting to emerge to test the impact of 
rare genetic variants: for example, Horowitz et al. [127] identified a rare 
genetic variant close to ACE2, the cell surface receptor responsible for 
SARS-CoV-2 viral entry, that may confer protection against SARS-CoV-2 
infection by modifying ACE2 expression levels. Further studies in vivo 
are warranted to investigate the causal impact of the identify associated 
loci on disease severity, and global efforts are now underway to analyse 
the genetics of individuals who are naturally resistant to SARS-CoV-2 
infection [128]. 

4. Data visualization with dimensionality reduction techniques 

As we can infer from the previous sections, vast amounts of viral, 
immunological, and sequencing data have been produced throughout 
the pandemic. Dealing with data, particularly complex immunological 
and genomics data, often requires developing and applying different 
visualization techniques to pre-process and understand them. Over the 
past few years, there have been significant improvements to such visu
alization approaches [129–134], with increasing application to ques
tions involving biological data; COVID-19 is no exception. 

To distinguish differences in immunological responses and search for 
connections between certain cell types and COVID-19 disease severity, 
Rébillard et al. [135] deployed flow cytometry, Phenograph [130] and 
FlowSom [136] to samples taken from Covid positive (Cov+) and Covid 
negative (Cov-) patients. In this study, cohorts of Cov+ and Cov- patients 
were matched according to pre-existing comorbidities. They were also 
compared to healthy controls (HCs). Rébillard et al. [135] used hierar
chical clustering and uniform manifold approximation and projection 
(UMAP [132], see detailed explanation below) to further study the 
clinical features differentiating hospitalized SARS-COV-2 positive pa
tients. These clinical characteristics included those typical of COVID-19 
(e.g., fever and cough) in addition to the presence of chronic diseases (e. 
g., cancer, cardiovascular disease). To visualize the relationships be
tween sampled immune cells, Rébillard et al. [135] performed FlowSom 
[136], using as an input, the number of clusters determined based on the 
modal value of clusters established by Phenograph [130], an algorithm 
similar to FlowSom that aims to detect communities (sets of highly 
connected nodes) that differ in density within the inferred interaction 
graph. Levine et al. [130] compared results using the Phenograph al
gorithm [130] to different techniques, including FLOCK [137], flow
Means [138], and SamSPECTRAL [139], and found that Phenograph 
gave better results in terms of the robustness and the overall quality of 
the final outcome. Using FlowSom and Phenograph, Rébillard et al. 
[135] discovered changes to the number of peripheral immune cell 
subpopulations (e.g. CD19+ B cells) in both Cov+ and Cov- severely ill 
patients as compared to health care workers, and a reduction of some 
specific immune cell subsets (e.g., CD27+ T cells) in Cov+ versus Cov- 
patients. To confirm and broaden these results, Rébillard et al. [135] 
then performed a hypothesis-driven analysis based on conventional 
manual gating and found a large increase in number of neutrophils 
connected to both disease severity (adverse outcomes) and age. How
ever, this was not found to be characteristic of SARS-CoV-2 infections as 
it was observed in both Cov+ and Cov- patients, in contrast to the 
reduction of B cells and the increased percentage of some lymphocytes 
(e.g., CD38+ CD8+ killer T cells) which was typical of severe COVID-19. 
Furthermore, Rébillard et al. [135] noted a depletion of natural killer 
(NK) cells in severe Cov+ cases and Cov- patients compared to health 
care workers coupled with the reduction of CD4+ T cells expressing 
CD38 in hospitalized patients, regardless of the severity or age. 

Manual gating using flow cytometry becomes rapidly unsuitable 
when dealing with larger and high-dimensional data [131]. Another 
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visualization and data-analysis technique that can be applied to help 
overcome these inconveniences is t-distributed Stochastic Neighbor 
Embedding (tSNE) [140]. Like FlowSom, tSNE [140] is a clustering 
technique that can be performed early within a data visualization 
pipeline (for example, as a basis for further analysis using FlowSom or 
Phenograph). However it has been shown that tSNE often fails to 
completely separate cell populations [131]. Other popular dimension 
reduction techniques include UMAP [132], which consists of searching 
for an optimal embedding by finding the fuzzy topological structure of 
the low dimensional data projection that is most similar to the original 
manifold. However, UMAP can only be performed under specific con
ditions, namely that data points should be uniformly distributed on the 
locally connected Riemannian manifold (i.e., there should be no isolated 
points), and the local Riemannian metric should be constant. 

Principal component analysis (PCA) is another powerful technique to 
summarize genetic data and identify genetic structure and can be used to 
detect emerging viral sub-lineages from SARS-CoV-2 genetic data [58]. 
However, the dimensionality reduction required for final data visuali
zation often depletes the quality of the resulting outcome. For example 
tSNE and PCA [141] suffer from sensitivity to noise, or do not preserve 
global (tSNE) or local (PCA) structures within the data [133]. To reduce 
these drawbacks, another technique called PHATE [133] was developed. 
Later PHATE was combined with improved diffusion condensation 
[142] to allow for large-scale visualization (i.e., Multiscale PHATE) 
[134]. In comparison to UMAP and tSNE, Multiscale PHATE gave 
significantly better results with regards to cell similarities (i.e., keeping 
proper distance between familiar and unfamiliar cell types). Further, the 
use of multiscale clusters in Multiscale PHATE distinguishes higher 
levels of data grouping than UMAP and tSNE. The most important ad
vantages of using Multiscale PHATE are that the data can be visualized 
in all levels of granularity. 

Multiscale PHATE was used by Kuchroo et al. [134] to evaluate 251 
blood samples taken from the 168 Cov+ patients, resulting in the 
analysis of the 54 million cells. Patient similarities were analysed by 
creating patient manifolds based on multiresolution cluster estimation, a 
technique invented here by authors that combines work from [143,144]. 
This estimation was repeated for every sample to create a multiscale 
feature matrix, which was subsequently embedded using PHATE to 
obtain an improved visualization. The authors found that the number of 
pathogenic T, B and myeloid cells, in addition to granulocytes were 
increased in patients who died of COVID-19. T cells that expressed 
Granzyme B were found to be particularly strongly associated with the 
mortality. To uncover the connections between age/sex, disease 
severity, and outcomes, these clinical variables were mapped directly 
onto the patients’ manifold. Using MELD [145], Kuchroo et al. [134] 
found that mortality was tightly linked to age and that male patients 
were more likely to experience severe COVID-19 with the need of oxy
gen support. Kuchroo et al. [134] then used DREMI [146] to find that 
female (and young) patients were more likely to have better outcomes, 
which was found to be related to their ability to mount strong T cells 
response as compared to men (and older) individuals. Moreover, their 
analysis showed that the increased expression of IL-2 and IL-6 cytokines 
was crucially associated with an adverse outcome of an infection. 

5. Predictive machine learning approaches 

In parallel to prospective modelling, machine learning (ML) has also 
played a prominent role throughout the pandemic, as it has been applied 
ubiquitously in many real-world applications that require the identifi
cation of trends and patterns. Multidimensional data are prevalent in 
many of these situations, and ML has proven to be proficient at 
providing insight into such complex data. ML capabilities lie in its 
unique ability to learn from training data, generalize patterns, and make 
inferences beyond the initial data. Continual improvement cycles based 
on the availability of new or real-time data make ML a suitable candi
date to improve model prediction and adaptability. Within ML, the rapid 

advancement of deep learning (DL) allows for the inclusion of automatic 
feature extraction from the training data [147]. Hence, ML is deployed 
as an effective tool to address the rapidly changing nature of the 
COVID-19 pandemic at multiple scales. The use of machine learning in 
the context of the COVID-19 pandemic can be divided into a few broad 
categories:  

(1) Vaccine development [148,149] and drug re-purposing 
[150–153].  

(2) Patient triage for severity assessment and mortality prediction 
[154–156].  

(3) Epidemiological forecasting [157,158].  
(4) Detection of anomalies from medical images such as CT scans 

[159–161], chest X-rays [162], ultrasound images [163] and 
blood tests [164]. 

In this section, we focus on ML applied to understand immunopa
thology, specifically in the areas of vaccine development, and drug 
discovery and repurposing for COVID-19. 

ML techniques are complementary to existing within-host ODE- 
based mathematical models like those discussed in previous sections 
and, in most cases, offer rapid prototyping of predictive models for 
immediate deployment for clinical use. Mathematical models can also 
complement machine learning as demonstrated by the work of Rosado 
et al. where the authors combined both techniques to provide an accu
rate and robust serological classification of individuals previously 
infected by SARS-CoV-2 [165]. ML classifiers were trained with multi
plex data from these individuals using the random forest (RF) algorithm. 
Next, a Bayesian mathematical model was adopted to describe antibody 
kinetics informed by prior information from other coronaviruses. 
Together, the predictive capability of the Rosado et al. approach comes 
from a statistical estimator that gauges the seroprevalence of 
SARS-CoV-2 infections in very low-transmission settings. 
Farhang-Sardroodi et al. [166] used ML on within-host models cali
brated to patients with either influenza or SARS-CoV-2 infections to 
distinguish features specific to either viral infection. They found that the 
ML classifiers were able to distinguish, with high accuracy, the kinetics 
of influenza and SARS-CoV-2 infections, suggesting that early viral dy
namics differentiate these two viruses. 

5.1. Machine learning approaches to COVID-19 vaccine development 

To launch a safe and effective vaccine, the conventional vaccine 
research and development (R&D) pipeline requires significant financial 
investments over 5 to 10 years. Due to the urgent need for a COVID-19 
vaccine, a paradigm shift in the regulatory process that espoused parallel 
clinical trials was required for the COVID-19 vaccine R&D. The genome- 
based vaccine design approach coined as reverse vaccinology (RV) was 
proposed by Rappuoli in 2000 [167]. Unlike conventional vaccines 
developed using pathogenic organisms, RV leverages expressed genetic 
sequence for vaccine discovery. Through the comparison of various 
classification techniques, including logistic regression (LR), support 
vector machine (SVM), k-nearest neighbour (KNN), RF, and extreme 
gradient boosting (XGB), various data resampling and performance 
metrics (AUPRC, AUROC) were established. The first viral sequence of 
SARS-CoV-2 was available in early 2020, and RV technology was 
already in place to take advantage of this information for rapid 
COVID-19 vaccine development. Vaxign-ML, which uses the XGB tech
nique, was shown to be the best predictor of the original data [168]. 
Subsequently, a comprehensive RV webserver, Vaxign2 was developed 
to analyse SARS-CoV-2 vaccine candidates [148]. Vaxign2 based on 
Vaxign-ML was able to predict two critical candidates for vaccine 
development: spike (S) glycoprotein and non-structural protein 3 (nsp3). 
Putative target protein antigens can also be quickly identified using RV. 
To investigate target protein antigens, several predictive immu
noinformatic tools were previously developed [168–173]. Supervised 

S. Gazeau et al.                                                                                                                                                                                                                                 



ImmunoInformatics 9 (2023) 100021

8

ML classification techniques were mainly adopted for RV prediction of 
protective antigens. A machine learning workflow that combined the 
Markov model and propensity scale method was shown to analyse the 
proteome of SARS-CoV-2 and successfully identify putative T cell and B 
cell epitopes [174]. The identification of these epitopes spurred 
COVID-19 vaccine development. Similarly, an architecture combining a 
neuronal network architecture (SPAAN) and Hidden Markov Model 
(HMM) was developed as an RV technique for predicting COVID-19 
vaccine candidates [175]. To screen for statistically significant epitope 
hotspot regions, other ML studies in this sphere include an AI approach 
to design a COVID-19 vaccine by generating a comprehensive epitope 
map from the NEC Immune Profiler tool and using the results as an input 
to Monte Carlo simulations [176]. Meanwhile, the screening of epitopes 
combined with the Deep Learning (DL) approach resulted in a frame
work called the DeepVacPred that showed that this DL approach can 
predict up to 26 potential vaccine subunits suitable for the design of a 
multi-epitope vaccine [177]. 

To develop a new vaccine, understanding peptide binding to major 
histocompatibility complex (MHC) is the single most selective biological 
process that determines a successful and optimal antigen processing and 
presentation. Hence, predicting peptide–MHC binding has become a 
focus in the field of immunoinformatics, where ML plays an important 
role. By leveraging the advancement in adversarial neural networks 
(ANN), the NNAlign framework has accurately characterized binding 
motifs [178]. In this framework, the optimal binding core of selected 
amino acids is searched for, and peptides matching a consensus motif or 
model bindings are predicted. NNAlign iteratively updates model pa
rameters while minimizing the difference between the predicted and 
measured binding. This approach has become the basis for training 
NetMHC, NetMHCII and NetMHCIIpan. As a result, a study to identify 
peptides with epitope potentials for COVID-19 vaccines revealed 94 
predicted peptides for 11 HLA alleles using NetMHC tools [179]. In 
another study, NetMHCpan was used to predict a global loss of 
SARS-CoV-2 T cell epitopes in individuals expressing HLA-B alleles of 
the B7 supertype family [180]. Similarly, two supervised neural 
network-driven tools (NetMHCpan4 and MARIA) were applied and were 
shown to screen potential T-cell epitopes for SARS-CoV- 2 close to the 
SARS-CoV-2 receptor-binding domain [149]. 

5.2. Machine learning approaches to drug repurposing for COVID-19 

Throughout the first two years of the COVID-19 pandemic, ML was 
also leveraged to study existing drugs that have antiviral properties. 
Here the objective was to quickly predict drug-disease interactions and 
disease pathways by exploiting existing approved drugs that are proven 
to be safe. This approach was especially important to rapidly screen 
potential therapeutic drugs for COVID-19 and speed up new clinical 
trials. Drug repurposing applying graph Convolutional Network with 
Attentional mechanism (Att-GCN-DDI) allows us to better understand 
drug-disease interactions, and a few drug candidates that were eventu
ally proven effective in clinical treatment were predicted by Att-CGN- 
DDI[150]. Similarly, Beck et al. [151] screened antiviral drugs against 
the SARS-CoV-2 virus and applied a pre-trained deep learning-based 
drug-target interaction model called Molecule Transformer-Drug 
Target Interaction (MT-DTI) to identify commercially available drugs. 
Using this framework, the group identified multiple antiviral drugs such 
as atazanavir and remdesivir as having high inhibitory potency against 
SARS-CoV-2. 

5.3. Applying generative machine learning approaches for drug discovery 

Machine learning has additionally been broadly adopted by the 
pharmaceutical industry to revolutionize drug discovery. In this vein, 
Variational AutoEncoders (VAE), a type of generative model that regu
larizes the encoding distribution during training to populate its latent 
space with desirable properties so that the final model can generate new 

data based on these properties [181], have been deployed. Several ML 
frameworks based on VAE can accurately generate novel molecular 
structures that capture chemical properties such as bond order and 
functional groups. The resulting novel molecules rank highly in metrics 
such as the quantitative estimate of drug-likeness (QED) score or syn
thetic availability score (SAS) [182,183]. A framework called Controlled 
Generation of Molecules (CogMol) applied the pre-training of a molec
ular Simplified Molecular Input Line Entry System (SMILES) VAE. 
CogMol targeted three SARS-CoV-2 target proteins and generated novel 
drug candidates with a high binding affinity to target proteins [184]. 
Alternatively, Tang et al. 2020 [185] proposed a fragment-based drug 
design methodology combined with a deep Q-learning network to speed 
up the generation of potential candidate compounds against 
SARS-CoV-2. This novel framework called the ADQN-FBDD was devel
oped from a library of 284 known SARS-CoV-2 inhibitor molecules. It 
successfully generated a library of 4922 covalent lead compounds with 
unique valid structures, and 47 lead compounds were further identified 
for molecular docking evaluations [185]. 

From vaccine development to drug repurposing and drug discovery 
studies, machine learning has an important role to play in responding to 
an emerging infectious disease like SARS-CoV-2. Future work improving 
the integration of ML approaches, mechanistic mathematical and 
computational models, bioinformatics, and population genetics ap
proaches will allow an even more rapid response to new pandemic 
scenarios, hopefully improving public health. 

6. Reflections and future perspectives 

As discussed above, quantitative approaches have been particularly 
prominent during the COVID-19 pandemic, owing to open-science en
deavours, the availability of data, and the increased integration of 
quantitative scientists in biomedicine. Though epidemiological appli
cations are at the forefront of mathematical and computational model
ling for public health, genetic characterization of viruses and hosts, 
immunological applications related to discerning mechanisms of severe 
COVID-19, and treatment and vaccine development have also been 
developed and applied in tandem with experimental and clinical 
advances. 

Despite the successes of the mathematical tools highlighted here, 
challenges remain for the current COVID-19 pandemic and future 
emerging infectious diseases (Table 1). Mathematical and computa
tional modelling of the immunovirology of SARS-CoV-2 have elaborated 
the kinetics of infection [17,23,64,66,186], the actions of the immune 
response to infection [17,28,38], and the effects of vaccination [44,45], 
while data science approaches have elucidated mechanisms of disease in 
hospitalized patients [187]. Modelling, in particular, is heavily 
improved by densely sampled longitudinal data that can be difficult to 

Table 1 
Approaches needed to address challenges faced for the next pandemics.  

Challenge Future actions 

Pace of emergence of longitudinal 
immunological data 

Establish guidelines for data collection 
needed for modelling prior to 
epidemics/pandemics; establish 
translatable immunological models that 
can be rapidly adapted according to 
emerging data 

Modelling networks and model sharing 
not operational until after beginning of 
outbreak 

Set up and maintain working groups 
between different stakeholders (funding 
agencies, researchers, clinicians, and 
public health authorities) for rapid 
mobilization 

Integrating immunological data with 
genetic information about variants and 
human hosts 

Collect longitudinal viral sequencing 
data paired with clinical and 
immunological meta-data to leverage 
within-host genetic diversity to identify 
emerging variants  
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collect in the general population (e.g., individuals with mild infections 
who are not hospitalized); kinetic rates may be difficult or impossible to 
measure in humans, compounding data-related difficulties. This can be 
addressed through improved integration within quantitative fields (i.e., 
combining prospective and retrospective models) and between disci
plines to prioritize decision making that is relevant to public health and 
clinical authorities. For an infectious disease like COVID-19 for which it 
may not be possible to achieve eradication, understanding the immu
nological features of the transition to endemicity is also a strength of 
predictive mathematical modelling [188]. Further, emphasis needs to be 
placed on timely model development to provide clinicians, and drug and 
vaccine developers with real-time predictions. Ultimately, these issues 
are not exclusive to modelling of novel infectious diseases like COVID-19 
but become amplified during times of crisis. 

The study of viral evolution has been a key component of our 
response to SARS-CoV-2. Population genetics modelling will need to be 
refined to predict the potential future of SARS-CoV-2 variants as we 
move to reopen societies and transition from a pandemic to an endemic 
context. These models will have to take into account the increasing 
evidence for recombination in SARS-CoV-2 resulting from co-infections 
[189], and consider the potential importance of animal-to-human 
transmission of SARS-CoV-2 [190]. The advent of machine learning 
has also allowed for accelerated approaches to vaccine development and 
drug discovery. For example, ML techniques such as deep learning, 
hidden Markov model and adversarial neural network identified 
important epitopes, antigen protein and peptide-MHC binding affinity to 
accelerate the development of a vaccine for COVID-19. At the height of 
the pandemic, drug repurposing was touted as a quick solution to use 
existing approved drugs to treat an infection. Several ML framework 
such as Att-GCN-DDI and MT-DTI were able to predict the efficacy of 
approved drugs and hence have an immediate effect on patients’ disease 
outcome. For a long-term research strategy, ML can be used to generate 
novel drug molecules that are more effective than repurposing drugs. 
This requires more investment in time and resources to train the 
framework with emerging data on SARS-CoV-2. Whether it is vaccine 
development, drug re-purposing or generating new drug designs, ML has 
proven to substantially speed up the development time which plays an 
important role in mitigating the effect of the pandemic. 

Overall, the outlook for the continued integration and use of pre
dictive modelling to answer immunovirological questions is positive. 
Throughout the COVID-19 pandemic, the public has become more 
sensitized to modelling and quantitative methods. Concerted efforts to 
maintaining the scientific progress made over the past 26 months is 
critical to the success of these endeavours. Ultimately, our response to 
the next pandemic will depend on how well we can translate our current 
successes and address our failures and pitfalls to newly emerging in
fectious diseases, and we contend that a key component depends greatly 
on predictive modelling and analysis. 
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