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The genomic diversification of viral pathogens during viral epidemics and pandemics represents a major adaptive 
route for infectious agents to circumvent therapeutic and public health initiatives. Historically, strategies to 
address viral evolution have relied on responding to emerging variants after their detection, leading to delays in 
effective public health responses. Because of this, a long-standing yet challenging objective has been to forecast 
viral evolution by predicting potentially harmful viral mutations prior to their emergence. The promises of 
artificial intelligence (AI) coupled with the exponential growth of viral data collection infrastructures spurred 
by the COVID-19 pandemic, have resulted in a research ecosystem highly conducive to this objective. Due to the 
COVID-19 pandemic accelerating the development of pandemic mitigation and preparedness strategies, many 
of the methods discussed here were designed in the context of SARS-CoV-2 evolution. However, most of these 
pipelines were intentionally designed to be adaptable across RNA viruses, with several strategies already applied 
to multiple viral species. In this review, we explore recent breakthroughs that have facilitated the forecasting of 
viral evolution in the context of an ongoing pandemic, with particular emphasis on deep learning architectures, 
including the promising potential of language models (LM). The approaches discussed here employ strategies 
that leverage genomic, epidemiologic, immunologic and biological information.
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1. Forecasting viral evolution: a complex challenge

Viral pandemics have proven to be tremendous challenges responsi
ble for significant loss of life, thus warranting extensive research into vi
ral biology, therapeutics strategies, and public health interventions. The 
SARS-CoV-2 pandemic is the most thoroughly recorded pandemic in hu
man history both genetically and epidemiologically, making it pivotal in 
facilitating our preparedness to future viral pandemics. One pandemic
preparedness strategy enabled by such extensive databases lies in de
veloping frameworks to forecast the evolution of viruses and identify 
potentially harmful evolutionary events over the course of a pandemic. 
Such frameworks would be substantially beneficial as they would per
mit the anticipation of mutations and strains capable of circumventing 
human immunity and public health interventions. Nevertheless, antici
pating viral evolution has proven to be an exceedingly challenging task, 
characterized by many considerations spanning biological, epidemiolog
ical, and social expertise.

One such consideration, made evident throughout the COVID-19 
pandemic, lies in the breadth and constitution of available viral datasets. 
Sampling biases were found to heavily skew analyses and interpreta
tions pertaining to SARS-COV-2 evolution and epidemiology, such as 
biases stemming from variations in sequencing capacities across coun
tries [1]. Yet another limitation lies in data scarcity. Unlike SARS-CoV-2, 
the majority of viruses lack sufficient data to train adequately informed 
predictive models, although certain strategies sought to address this 
challenge by learning across viral families.

Beyond difficulties related to available data, the complexity of evo
lutionary dynamics poses nontrivial challenges. While it is feasible to 
investigate the evolutionary advantage of single mutations or combina
tions of mutations, the anticipation of multi-mutation variants remains 
challenging. For example, complex variants resulting from recombina
tion events, extensive viral evolution within immunocompromised indi
viduals, or animal reservoirs largely remain beyond the reach of current 
predictive methodologies. These constitute some of the limitations asso
ciated with predicting viral evolution. However, efforts have been made 
to overcome these challenges and narrow the gap in predictive capabil
ities.

In this review, we provide a state-of-the-art perspective on viral evo
lution and fitness prediction in the post-pandemic era, focusing on how 
big data and AI-driven approaches have transformed this field. Specif
ically, we discuss: (i) the various contributors to viral fitness as they 
relate to forecasting viral evolution; (ii) the essential role of abundant, 
high-quality data, bolstered by recent advancements in viral data collec
tion and sharing; (iii) recent innovations in computational strategies for 
forecasting viral evolution, with a particular emphasis on phylogenetic
based frameworks, deep learning (DL), and protein language models; 
and (iv) the adaptability of these frameworks across viral species, with a 
focus on their translation into actionable insights to guide public health 
initiatives (Fig. 1). The unprecedented scale of sequencing and AI devel
opment during the COVID-19 pandemic has driven many of the methods 
discussed here, accelerating progress in viral forecasting. While many of 
these approaches were developed with SARS-CoV-2 evolution in mind, 
their design enables broader adaptability across RNA viruses, with sev
eral strategies already applied to multiple species. Looking forward, 

these advances set the stage for a more proactive and data-driven ap
proach to pandemic preparedness.

2. Viral evolution and fitness

The primary task explored in this review pertains to forecasting vi
ral evolution, a process characterized by genetic changes over time. 
The genetic diversification resulting from viral evolution is caused by 
mechanisms such as replication errors, recombination, genetic drift, 
bottleneck, natural selection and host pressures [2--4]. These crucial bi
ological processes are responsible for the selection and fixation of viral 
mutations, and for viral variants. An integral component of forecast
ing viral evolution lies in achieving a thorough understanding of viral 
fitness, which encompasses the ability of a virus to survive, replicate, 
and transmit within a host population [5]. Although viral fitness is not 
synonymous with viral evolution, it consists of one of its key determi
nants. As such, while some of the methodologies discussed here solely 
predict viral fitness, others integrate it within larger schemes aimed 
at interrogating and predicting overall evolution. Developing a com
prehensive understanding of the mutational landscape that drives viral 
fitness can provide insight into vaccine development. Furthermore, it 
enables the early flagging of Variants of Concern (VOC), which are vi
ral strains with mutations that enhance transmissibility, virulence, or 
immune escape.

2.1. Defining viral fitness

The concept of fitness has been characterized by multiple definitions 
in the context of viruses. Wargo and Kurath [5] outlined three types of 
fitness pertaining to viruses: replicative fitness, which refers to the 
ability of a virus to produce infectious offspring in a specific environ
ment; transmission fitness, which encompasses the ability of a virus to 
successfully spread across hosts in a population; and epidemiologic fit

ness, describing the capacity of a virus to become the dominant strain 
among competing variants in a population (Fig. 2A). Replicative and 
transmission fitness can be described using molecular mechanisms and 
are considered to be causal to pathogenicity. In contrast, epidemiologi
cal fitness results from the summation of replicative and transmission 
fitness, while heavily affected by social patterns across host popula
tions. Its investigation is therefore largely observation-driven, relying 
on the geo-temporal distributions of viral strains. Importantly, these 
types of fitnesses reflect different stages in the life cycle and evolu
tionary process of a virus, and will therefore be regulated by distinc
tive selective pressures. Although replicative fitness is essential to the 
viral life cycle, excessive replication might increase susceptibility to 
immune responses, thereby driving immune evading adaptations. In 
contrast, transmission fitness is controlled by multiple factors that in
clude host immunity and host cell entry. As such, mutations enabling 
immune evasion or enhancing host cell entry are known to contribute 
to transmission factors. Finally, epidemiological fitness relies upon a 
balance between both replicative fitness and transmission fitness, while 
being shaped by external factors such as host populational structure and 
behavior.
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Fig. 1. Overview of key concepts and approaches. (1) The aim of this review consists of exploring recent frameworks aimed at anticipating the evolution of viruses 
posing pandemic threats. (2) The approaches discussed leverage diverse inputs which include genomic sequences as well as functional biological data acquired 
from high throughput Deep Mutational Scans. The examples shown here are specific to SARS-CoV-2 biology. A variety of computational architectures are discussed, 
including i) phylogenetic trees, ii) deep learning, and iii) specifically a subset of deep learning methods that utilize Protein Language Models. While varied in inputs 
and architectures, the methods discussed generally aim to predict the probability of a mutated sequence occurring. (3) The aim of the methods described in this 
review consists of generating insight pertaining to viral evolutionary trajectories to guide vaccine development and guide public health decision-making.

2.2. Main drivers of viral evolution

Developing a thorough understanding of the relationship between 
fitness and viral evolution is crucial to both identifying mutational 
drivers as well as forecasting viral evolution. All three types of fitness 
(replicative, transmission, and epidemiological) have contributed to the 
investigation of viral mutational drivers, and have been exploited by the 
predictive tools discussed in this review. Importantly, the development 
of high throughput experimental frameworks such as Deep Mutational 
Scans (DMS) have significantly facilitated the investigation of muta
tional drivers across various viruses and viral proteins [6]. DMS is a 
technique that systematically evaluates the functional impact of a large 
number of mutations across viral proteins (see section 3.2 for additional 
details). These regions often correspond to key viral functions such as 
host-cell entry, immune evasion, as well as viral replication efficiency 
(Fig. 2B), reflecting strong natural selection. The mutational drivers of 
SARS-CoV-2 have been extensively investigated during the pandemic, 
making it a well-documented case study.

Following SARS-CoV-2 entry into a host, the virus binds to the An
giotensin Converting Enzyme 2 (ACE2) receptor on the cell membrane 
of a host cell [7]. This binding occurs on the Receptor Binding Domain 
(RBD) region of the spike glycoprotein (Spike), and was found to be en

hanced by factors such as the cleaving of the Furin site on the Spike 
protein as well as Spike conformational changes [8]. The appearance 
of prevalent mutations shown to improve these mechanisms established 
the importance of host cell entry as a prominent mutational driver in 
SARS-CoV-2 evolution [9]. Examples include Alpha mutations N501Y 
and P681H in the Spike protein, which improved RBD-ACE2 binding 
and Furin cleaving respectively [10,9]. Beyond cell entry, immune eva
sion has been identified as a strong driver of SARS-CoV-2 evolution [11]. 
Neutralizing antibodies were shown to play an important role in SARS
COV-2 evolution, with mutations enabling antibody evasion identified 
in most prevalent strains [11--15]. Examples include Spike mutations 
L452R and T478K found in the highly virulent Delta strain, as well 
as a large proportion of mutations characterizing the Omicron strain 
[11--13]. Importantly, one of the roles played by neutralizing antibodies 
consists of preventing cell entry through the disruption of the RBD-ACE2 
binding interface. As such, host cell entry and antibody evasion were 
shown to be highly connected evolutionary processes, an interdepen
dence described in other viruses such as Influenza A virus [16]. Other 
immune evasion mechanisms include the disruption of T cell response 
as well as the disruption of various immune cell signaling pathways 
[17--20]. While the evolutionary mechanisms described above primar
ily impact transmission fitness, mutations known to improve replicative 
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Fig. 2. Overview of viral fitness and evolutionary drivers. A. Viral fitness can be defined with respect to replicative fitness (left), transmission fitness (middle), and 
epidemiological fitness (right). B. Examples of evolutionary drivers specific to SARS-COV-2. These include Immune recognition of the SARS-CoV-2 Spike Glycoprotein 
by antibodies (left); entry of SAR-CoV-2 into host cells, mediated by the binding of the Spike Glycoprotein to the human ACE2 protein (middle); and the expression 
efficiency of viral proteins such as the Spike Glycoprotein.

fitness have been identified (Fig. 2B). These include the Spike D614G 
as well as the ORF1b P323L mutations found in SARS-CoV-2, both of 
which were associated with increased viral replication. While the ex
amples described here were investigated in the context of SARS-CoV-2, 
mechanisms pertaining to viral entry, immune evasion, and viral repli
cation have been identified as important selective pressures in numerous 
viruses [21,22]. Overall, these examples impose important constraints 
on viral evolution and therefore constitute essential considerations for 
frameworks predicting viral evolution.

3. The power of big data

Studies pertaining to viral evolution, fitness, and epidemiology have 
been expedited by advances in data collection and sharing, a trend 
befitting the age of Big Data. As demonstrated during the COVID-19 
pandemic, a thorough understanding of viral evolution necessitates the 
collection of both viral genomic sequences as well as functional data. 
Viral genomic sequences, particularly when collected in a geograph
ically and temporally distributed fashion, enable the investigation of 
viral evolution and epidemiology [23--25]. In contrast, functional data 
acquired through experimental assays provide information pertaining to 
the biological relevance of viral mutations [26--30]. Both categories of 
data-collection schemes have significantly evolved in recent years, en
abling the rapid detection and response to novel virulent SARS-CoV-2 
strains during the COVID-19 pandemic. As access to sufficient quanti
ties of high-quality data constitutes a significant bottleneck to predicting 
viral evolution, we will discuss developments in such data-collection 
schemes. Specifically, we will focus on i) the collection and sharing of 
viral genomic data and ii) high-through functional assays such as DMS.

3.1. Data collection platforms

Viral genomic surveillance has proven to be a crucial component to 
the management of viral epidemics and outbreaks. Effective genomic 
surveillance relies on data-sharing platforms aimed at tracking viral 
evolution and epidemiology on a global setting. Prominent genomic 
data-sharing platforms include the National Center for Biotechnology 
Information (NCBI), as well as the Global Initiative on Sharing All In
fluenza data (GISAID) [31]. These platforms have enabled the collection 
and sharing of global genomic sequences spanning multiple viruses, 
and have been significant catalyzers for worldwide research pertain
ing to viral evolution. The power of genomic surveillance was show
cased throughout the recent COVID-19 pandemic, which has resulted 
in the rapid adaptation and drastic expansion of such data-sharing plat
forms. Specifically, GISAID became the largest amassment of genomic 

data belonging to a single virus, characterized by over 15 million ge
nomic sequences collected globally over 4 years. This quantity of data 
constitutes a detailed geo-temporal account of the genomic evolution 
of SARS-COV-2, facilitating the development of highly data-rich fitness 
models. In addition to leveraging existing databases, the COVID-19 pan
demic also resulted in the inception of novel data-sharing platforms. 
These included Pathoplexus, VirusSeq, and the discontinued COVID-19 
GENOMICS UK CONSORTIUM (COG-UK) [32,33]. Notably, these ini
tiatives shed light on the importance of data accessibility as well as 
stringent data quality controls. The Canadian initiative VirusSeq is an 
example of a data-sharing platform that sought to address both chal
lenges [33]. Overall, these have demonstrated the ability of the scientific 
community to rapidly adapt to novel viral threats and generate highly 
specific data platforms, enabling the in-depth investigation of viral evo
lution in the context of epidemics and global pandemics. Importantly, 
the expansion in viral data collection and sharing observed during the 
COVID-19 pandemic has facilitated the development of computational 
frameworks aimed at predicting viral evolution.

3.2. Deep mutational scans

The development of high-throughput functional assays has enabled 
the interrogation of a large number of viral mutations, generating in
sight regarding viral fitness as well as protein functions. One such class 
of methods, Deep Mutational Scans (DMS), have played an essential role 
in deepening our understanding of viral evolutionary trajectories. They 
have effectively facilitated the interrogation of the mutational land
scape of pathogens in the context of viral fitness, transmission, and 
immune evasion [26--30]. Early applications include the use of DMS 
to investigate the Influenza A viral protein Hemagglutinin (HA) by in
terrogating the impact of virtually all possible amino acid substitutions 
on viral fitness and immune recognition [26,28,29]. Briefly, deep mu
tational scans employ extensive barcoded mutant libraries that can be 
concomitantly assayed for multiple phenotypes. The tracking of spe
cific mutant-phenotype can be subsequently conducted through deep 
sequencing [27]. Due to the ability of DMS to simultaneously probe the 
impact of large numbers of mutations on various viral functionalities, 
this approach proved to be a promising avenue for predicting viral evo
lution [34]. An early study by Lee et al. yielded comparative analyses of 
the mutational tolerance across HA proteins of various closely related 
Influenza strains [34]. This work suggested preferred mutational sites, 
thus providing valuable insight into the evolutionary trajectories of viral 
lineages.

The high-throughput component of DMS proved to be instrumental 
during the COVID-19 pandemic, by rapidly generating extensive muta
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Table 1
List of tools and studies aiming to predict viral evolution, with an indication of the viruses they were applied to. *All methods return per-mutation estimates.

Category Name General Approach Predicted Feature(s)* Virus Studied

Phylogenetic

based methods

ENCoM [39] Molecular dynamic simulations Structural stability changes SARS-CoV-2
PyR0 [40] Hierarchical Bayesian multinomial 

logistic regression
Mutation-driven lineage expansion SARS-CoV-2

Maher et al. 2022 [41] Various methodologies Driver mutations SARS-CoV-2
Bloom et al. 2024 [42] UShER-based phylogenetic analysis Mutational fitness effects SARS-CoV-2

Energy-Based 
Models

Non-LM

Rodriguez-Rivas et al. 2022 
[43]

Direct coupling analysis (DCA) Epistatic fitness effects SARS-CoV-2

EVEscape (EVE) [44] VAE; Gaussian mixture model Mutation fitness and escape 
potential

SARS-CoV-2, 
influenza, HIV, 
Lassa, Nipah

VPRE [45] VAE; Gaussian Process Chronological trajectories of 
protein evolution

SARS-CoV-2

LM

Hie et al. 2021 [46] biLSTM Mutational fitness landscapes SARS-CoV-2, 
Influenza, HIV

EVEscape (TranceptEVE) 
[47]

Autoregressive transformer; VAE Mutation fitness and escape 
potential

Multiple

MLAEP [48] Multi-task learning Antigenic evolutionary trajectories SARS-CoV-2
CoVFit [49] Multi-task learning Viral fitness and escape SARS-CoV-2
TEMPO [50] Transformer Mutational impact scores SARS-CoV-2, 

Influenza
PRIEST [51] Transformer Mutational impact scores 

predictions
SARS-CoV-2

Beguir et al. [52] Transformer, structural modeling Structural stability and binding 
a˙inity

SARS-CoV-2

tional datasets [35,36,6,37]. Studies applying this strategy investigated 
the impact of mutational events on a variety of biological features, 
including the SARS-CoV-2 Spike Glycoprotein (S protein) expression 
[6,38]; viral entry into cell hosts via the interaction between the S 
protein Receptor Binding Domain (RBD) and the human angiotensin 
converting enzyme 2 (ACE-2) [6,38]; and viral recognition with neutral
izing antibodies [35,36,12]. Together, these investigations further estab
lished our understanding of prominent SARS-CoV-2 selective pressures, 
including the S-ACE2 binding interface as well as antibody evasion (non
exhaustive). However, the contributions of DMS experiments extend far 
beyond their direct identification of evolutionary selective pressures. 
The extensive array of DMS conducted on SARS-CoV-2 as well as other 
viruses has resulted in a highly comprehensive and ever-growing col
lection of mutation-phenotype interactions spanning numerous proteins 
and viruses. These datasets have been instrumental in both training and 
validating computational models aimed at forecasting pathogen evolu
tionary outcomes.

4. Computational advancements in forecasting viral evolution

In addition to experimental methods such as DMS, in-silico methods 
have shifted the paradigm of evolutionary and mutagenic studies. In 
particular, Machine Learning (ML) methods can leverage an unprece
dented quantity of data, from collection, curation, and sharing efforts, 
towards forecasting viral evolution. In general, these methods estimate 
viral evolution by interrogating viral fitness, although they may implic
itly or explicitly assume different definitions of fitness. For example, the 
epidemiological fitness of viral lineages may be inferred from mutation 
frequencies derived from a phylogenetic tree. Phylogenetic trees, where 
the length of branches reflect genetic divergence over time, enable the 
interrogation of evolutionary relationships. These effectively allow the 
identification of mutations responsible for successful viral lineages.

Other methods estimate fitness using energy-based representation 
of viral sequence landscape, where the fitness of a mutation can be 
estimated using the change in energy resulting from that mutation. 
Higher fitness represents higher change in energy. Probabilistic meth
ods can estimate fitness indirectly using their probability assignments 
𝑃 (𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒) and 𝑃 (𝑉 𝑎𝑟𝑖𝑎𝑛𝑡), which reflect the likelihood of observ
ing the reference and mutated sequences, respectively, according to the 
model.

Typically, the fitness of a variant is estimated the following way:

𝐹 𝑖𝑡𝑛𝑒𝑠𝑠 =𝐸𝑛𝑒𝑟𝑔𝑦(𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒) −𝐸𝑛𝑒𝑟𝑔𝑦(𝑉 𝑎𝑟𝑖𝑎𝑛𝑡) (1)

where 𝐸𝑛𝑒𝑟𝑔𝑦 ∝ 𝑃−1, meaning sequences with higher probabilities cor
respond to lower-energy states. The probabilistic methods discussed 
largely operate by interrogating the sequence space either intra-species 
[50,51,45], across viral families [46,44,43], or by leveraging insight 
learned across domains of life [48]. Such models have been empiri
cally shown to encode biological structure [43,46,53], suggesting that 
they can also encode replication and transmission fitness information. 
Since these affect the processes guiding viral evolution, such probabilis
tic methods may be well suited for predicting evolutionary forces such 
as immune evasion or therapeutic escape. Although certain approaches 
effectively inferred immune escape directly from the sequence space 
[46], others interrogated such phenomena using additional strategies. 
These include the incorporation of DMS data directly into learning ar
chitectures [48] as well as the identification of antibody evasion through 
surface accessibility metrics [44]. Furthermore, methodologies leverag
ing intra-species data likely capture epidemiological fitness alongside 
other biological factors [50,51,45], as estimates reflect mutation distri
butions in the training data, mirroring variant prevalence and success 
within a population.

One crucial aspect of predicting viral evolution lies in distinguishing 
between forecasting single mutations (gradual evolution) and forecast
ing combinations of mutations (saltation events). Although viral evo
lution can occur gradually, saltation events have been observed. Such 
events include the inception of variants in immunosuppressed patients 
as well as animal reservoirs. While the methods presented in this review 
generally aim to estimate the evolutionary advantage of single mu
tations, probabilistic energy-based models are particularly well suited 
to handling combinations of mutations [44,46,54,48]. These methods 
achieve this by allocating probability assignments to sequences, whether 
unmutated or mutated at multiple positions. In certain cases, such meth
ods can be utilized to explore feasible mutational trajectories of existing 
variants [48]. Ultimately, the probabilistic methods discussed are best 
suited for assessing the selective advantage of viral mutations, which 
can act as a proxy for predicting the epidemiological success of variants 
within a specific host population. This was shown by several studies 
discussed below, wherein predictions were able to forecast with vary
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ing success the appearance of dominant variants. Nevertheless, directly 
interrogating the epidemiological success of variants is more effectively 
addressed through phylogenetic analyses.

In this section, we discuss both statistical methods leveraging 
phylogenetic-based frameworks as well as machine learning models 
designed to interrogate and forecast viral evolution (summarized in 
Table 1). In the way of machine learning models, we emphasize on 
methods such as Variational Autoencoders (VAEs) [44,45] and Lan
guage Models (LMs) [46,54] that can fit larger datasets to more flexible 
models, capturing more aspects of biology and leading to better esti
mates of viral fitness and evolution. Notably, all methods discussed here 
differ in whether they rely on ``pandemic'' or ``pre-pandemic'' data. Pan
demic data corresponds to data collected over the course of an epidemic 
or pandemic, and is specific to the relevant virus (ex. SARS-CoV-2). In 
contrast, pre-pandemic data belongs to virus of the same family or genus 
and can provide evolutionary information about a virus of interest. In 
the case of the SARS-CoV-2 virus, it is data of coronoviridae family 
viruses such as the middle east respiratory syndrome (MERS) or sarbe
coviruses [44].

4.1. Phylogenetic and other statistical models for viral fitness estimation

Several approaches utilize phylogenetic methodologies to investigate 
evolutionary trajectories and predict the impact of mutational events 
on viral fitness. These methods mainly seek to interrogate temporally
distributed viral sequences to genomic regions or positions under pos
itive selection. In this regard, multinomial logistic regressions have 
proven successful in temporally assessing the fitness advantage of com
peting strains [55--57]. Such an approach was leveraged in Py𝑅0 to es
timate the fitness of a mutation directly by fitting logistic growth curves 
from mutation frequencies. This can enable the estimation of fitness as it 
pertains to novel genomic mutational events [58,40,41]. Such methods 
successfully follow the genomic evolution of SARS-CoV-2 while identify
ing genomic positions associated with lineage expansion [40,41]. While 
highly varied in methodologies, these methods share their use of ob
served evolutionary trajectories to assess the epidemiological fitness of 
SARS-CoV-2 mutations. Importantly, these methods enable the capture 
of recurrent mutations and, as a result, convergent evolution. Conver
gent evolution is an important evolutionary concept, and refers to an 
evolutionary adaptation occurring independently in separate instances 
as a result of strong selective pressure [59]. Convergent evolution was 
shown to play an important role in SARS-CoV-2 evolution, as exampli
fied by the recurrence of the Spike N501Y mutation in multiple variants 
[60]. An additional advantage to this approach lies in their ability to 
interrogate factors of epidemiological fitness that go beyond viral biol
ogy, such as the impact of travel on variant frequencies [58]. Applied to 
SARS-CoV-2, these methods were able to recapitulate the increase in the 
viral fitness of variants observed throughout the COVID-19 pandemic.

Nevertheless, these studies primarily leverage observed evolution
ary history and identify mutations of interest based on their presence or 
absence at the base of a viral lineage. As such, they are better suited to 
identify mutations beneficial to viral epidemiological viral fitness. How
ever, their capacity to clearly differentiate between beneficial, neutral, 
and detrimental mutations is more limited. This was addressed in a study 
by Bloom and colleagues [42]. This genome-wide fitness-estimation 
method sought to compare the number of expected mutational events 
based on neutral evolutionary rates to observed mutational events along 
the phylogeny of SARS-CoV-2. By relying on observed mutations along 
the phylogeny, this method provides additional insight pertaining to 
the deleterious and neutral effects of mutations. One significant advan
tage of phylogenetic approaches over experimental strategies such as 
DMS lies in their ability to generate predictions for the full scope of 
viral proteins. This advantage was showcased by this method through 
the generation of mutation effect predictions extending beyond the rela
tively small selection of proteins interrogated by DMS experiments [42]. 
One advantage of this method lies in its ability to leverage large amounts 

of genomic data. Having been trained on millions of SARS-CoV-2 se
quences, this model recapitulated DMS measurements more closely than 
other models [44,43,41], thus demonstrating its superior accuracy in the 
context of data-rich virus such as SARS-CoV-2. Nevertheless, the success 
of this model relies heavily on access to large quantities of virus-specific 
sequencing data. This effectively makes it better suited to later stages of 
pandemics rather than to emerging viruses.

Other non-phylogenetics statistical methods have been proposed. For 
instance, Rodriguez-Rivas and colleagues [43] uses a Markov Random 
Field fit to SARS-CoV-2 sequence data to estimate fitness from esti
mated probabilities, and is able to model coupling between pairs of 
residues in a sequence. Such an approach introduces an epistatic model 
that predicts mutable sites in SARS-CoV-2 proteins by leveraging Direct 
Coupling Analysis (DCA) on multiple sequence alignments (MSAs) of 
coronaviruses. The proposed method relies on genomic context across 
viral relatives, applicable when limited information specific to a virus 
of interest is available. The resulting DCA-based model for SARS-CoV
2, combined with MSA of genomes from Corovanidae family members 
and pandemic-specific SARS-CoV-2 evolutionary data incorporates in
sight pertaining to evolutionary constraints while identifying genomic 
regions under positive selection. This method confers the advantage of 
requiring a single viral sequence, provided genomic data from other 
members of its viral family are accessible. As such, it is well suited 
for use with emerging viruses, particularly when population sequenc
ing data is scarce.

4.2. Variational autoencoders for viral evolution forecasting

While phylogenetic and statistical models have proven highly effec
tive in estimating the fitness impact of mutations, advances in deep 
learning architectures have opened novel avenues to interrogate viral 
evolution. Indeed, deep learning has played a pivotal role in the analy
sis of biological data [61,62].

In recent years, the investigation of mutation effects on protein struc
ture and function has been a central focus for the scientific community, 
closely tied to the concept of variant effect prediction. This task shares 
similarities with viral forecasting by evaluating the functional conse
quences of genetic variants. Variant Effect Predictors (VEP) consist of 
a class of computational tools that leverage biological data combined 
with a variety of model architectures to interrogate the functional im
pact of genetic variants [63]. Such methods also use probabilistic models 
to quantify mutation effects using equation (1). Several deep learning
based VEP have been developed in the context of human genetics, with 
the objective to identify pathogenic mutations relevant to human-centric 
diseases [64--70].

One such example is EVE (evolutionary model of variant effect). EVE 
is a Variational Autoencoder (VAE), an unsupervised generative model, 
trained on protein family-specific MSAs [70]. The model is interpreted 
through a Gaussian Mixture Model, used to estimate the pathogenicity 
of human genetic variants. While this method was originally intended 
for human genetic variants, a subsequent study adapted the framework 
for viral evolution [44]. The resulting tool, EVEscape, combined EVE 
with additional scores reflective of antibody evasion as well as changes 
in surface amino acid chemistry. Learning from MSAs specific to vi
ral families of interest, EVEscape was shown to present state-of-the-art 
viral evolution forecasting, with the tool recapitulating SARS-CoV-2 
pandemic evolution with significant accuracy. Beyond estimating single 
mutants, EVEScape was shown to estimate the evolutionary advantage 
of multi-mutation variants, recapitulating the selective advantage of ob
served Variants-Of-Concerns. Further analysis of forecasted SARS-CoV-2 
variants by neutralizing assays demonstrated the ability of predicted 
mutations to evade mRNA booster vaccine-induced antibodies [71]. Im
portantly, EVEScape was shown to be adaptable across viral species, 
with predictions shown to recapitulate observed evolutionary trajec
tories for Influenza, Human Immunodeficiency Virus (HIV), Lassa and 
Nipah viruses [44] In a separate SARS-CoV-2-specific study [45], King 
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and colleagues use a Gaussian Process to predict and generate future vi
ral genomic sequences based on the lower-dimensional representations 
learned by the VAE. They utilize a VAE to encode temporally distributed 
SARS-COV-2 genomic sequences into three-digit matrices. Manipulating 
and processing low-dimensional matrices is much less computationally 
costly than full viral genomes and encoded sequences, thus streamlining 
downstream analyses.

4.3. Protein language models to learn viral evolution

Recently, a class of machine learning models called language models 
(LM) have been applied to protein sequences for VEP and viral fitness 
estimation. Formally, a LM is a probability distribution over sequences 
of 𝑚 words from lexicon  :

𝑃 (𝑋1,… ,𝑋𝑛), 𝑋𝑖 ∈ (2)

While the earliest LM can be traced to early developments in prob
abilistic modeling, recent advances in neural network-based language 
models originated in foundational work on deep learning [72].

Such models use a neural network 𝑓𝜃 where 𝜃 are the learnable pa
rameters to model the probability distribution of any word given it’s 
context. Technically, the input is a distributed vector representation per 
input word, called a ``word embedding''. Word embeddings were tradi
tionally computed independently of sequential context, using methods 
such as Word2Vec [73]. Methods that used contextual information to 
learn embeddings, such as ELMo [74], were subsequently found to have 
much better performance on downstream Natural Language Processing 
(NLP) tasks.

Intuitively, training a LM is akin to taking many Cloze tests. Cloze 
tests involve filling in missing words in a sentence. For example, given 
the sentence ``The puppy played with the ___'' the LM predicts the miss
ing word based on context. These models are then evaluated by ``fine
tuning'' them to do standard NLP tasks and benchmarking their perfor
mance [75]. In viral genomics, they are trained at predicting genomic 
sequences. This can be done for example by determining the likelihood 
of a specific nucleotide subsequence based on sequence context ``(e.g. 
‘AAGTCG___TAG’).'' In recent years, LMs with billions of parameters 
have been trained on huge corpus’s of natural text, demonstrating emer
gent capabilities [76,77]. Recent ``pre-trained'' LMs have been adapted 
to perform complex tasks including generating realistic news articles 
[78] and solving undergraduate-level homework problems [79]. This 
concept of pre-training originally applied to natural language, has been 
extended to genomic sequences, where models learn from large-scale se
quence data to perform tasks such as predicting sequence function. For 
a more comprehensive review of LMs in general, we direct the reader to 
other published reviews [72].

Given the performance gain of LMs across a wide variety of NLP 
tasks, it is not surprising that there exists several attempts to use LMs 
to solve problems within biology [80--82]. Often these models oper
ate on the protein level (where || = 20 amino acids). LMs applied 
to protein sequences, known as Protein Language Models (PLM), aim 
to unveil the evolutionary and biological rules governing protein func
tion, domain organization and selective pressures. Studies exploring this 
strategy were distinctly facilitated by the establishment and expansion 
of massive protein sequence databases such as UniREF [83]. Early imple
mentations PLMs involved the use of Long Short-Term Memory (LSTM) 
networks applied to unlabeled protein sequences [84,85]. Such meth
ods aim to distill vast arrays of inter-protein evolutionary and functional 
insight into embeddings that could in turn be interrogated with a vari
ety of downstream machine learning models. The LSTM-based approach 
to language models was employed to explore the fitness landscape of a 
variety of viruses, including SARS-CoV-2 [86]. In this study, Hie and col
league train a bi-directional LSTM (BiLSTM) which was trained on viral 
sequences to predict viral evolution. Specifically, the authors highlight 
that grammar and semantic properties of natural language, correspond
ing to rules and meaning of text, are useful analogs of viral fitness and 

antigenic change respectively. By interrogating the output of the LM, 
this approach allows for the assessment of the viral sequence space to 
quantify fitness and immune evasion.

While previous LSTM models were trained on massive and diverse 
protein sequence databases, this model can be trained on virus-specific 
datasets, and three distinct models were trained for the Influenza A 
hemagglutinin (HA), HIV envelope glycoprotein (Env) and the SARS
CoV-2 spike glycoprotein (Spike). In all three cases, the respective model 
could recapitulate regions enriched in fitness and antigenic escape po
tential. LSTM models paved the way to numerous protein language in
vestigations. Several of these took advantage of the development of the 
transformer architecture and its success in language models [87,88]. Ini
tial implementations of such an approach trained transformers on >200 
million protein sequences to unveil valuable information regarding pro
tein biological properties, homology, secondary and tertiary structures, 
as well as Protein-Protein Interactions (PPI) [89,90,53]. Studies aimed at 
utilizing transformers to investigate protein evolutionary relationships 
can be categorized into two strategies: those learning from unaligned 
sequences [91,92] and those learning from MSAs [93]. A transformer 
model trained on 250 million unaligned sequences (UniRef100 [83]) 
was implemented by Notin and colleagues to shed light on protein 
fitness [47]. This model, named Tranception, sought to address the 
short-comings of MSA-based models, namely limitations pertaining to 
the depth and diversity of MSA alignments. Indeed, MSA-based models 
were found to have lesser performance with protein families character
ized by shallow alignments. Tranception addresses this by employing an 
autoregressive transformer, which predicts the identity of each amino 
acid in a sequence based on the context provided by all preceding posi
tions. This step-by-step prediction process allows the model to estimate 
positional fitness even when MSA data is sparse. It reinforces its pre
dictions using MSA data when available, in a process called retrieval 
inference.

A subsequent study sought to leverage the advantages of both MSA
based and alignment-free models [47]. This was achieved with Tran
ceptEVE, a model that maintains the overall autoregressive learning in 
the Tranception architecture while replacing the original MSA retrieval 
feature with EVE (see section 4.2 for more details). TranceptEVE was in 
fact applied to viral evolution by implementing it within the EVEscape 
evolution forecasting framework. Unlike the EVE fitness model, this ap
proach additionally enabled the prediction of insertions and deletions. 
In addition, certain groups sought to incorporate real-world evolution
ary trends into transformer-based models to improve predictions. This 
was done by combining transformer attention mechanisms with either 
time series [51] or phylogenetic tree sample strategies [50]. Such meth
ods have the advantage of enhancing PLM-generated fitness predictions 
with observed evolution, thus providing a means of leveraging the mas
sive amounts of virus-specific genomic data generated throughout a 
pandemic.

Given the importance of immune evasion in both viral fitness and 
long-term vaccine efficacy, significant interest lies in forecasting mu
tations promoting antibody evasion. While most approaches discussed 
above indirectly inferred antibody-evasion hot-spots from genomic se
quences alone [86], others aimed to integrate sequence information with 
experimental and/or modeled antibody evasion data. Machine Learning
Guided Antigenic Evolution Prediction (MLAEP) represents such a strat
egy. This tool investigates the antigenic evolution of a virus by prioritiz
ing putative variants with greater fitness and immune evasion potential 
[48]. This is achieved by searching the viral mutational space through a 
process of in silico directed evolution, followed by a query of the biophys
ical interactions between the resulting variants and the ACE2 protein as 
well as 8 antibodies. Briefly, the biophysical features are interrogated by 
taking advantage of Evolutionary Scale Modelling (ESM)-1b, a large lan
guage model trained on 250 million protein sequences, and fine-tuned 
on SARS-CoV-2 sequences as well as 3D structures of the Spike RBD in 
complex with ACE2 and 8 antibodies. Importantly, the directed evolu
tion analyses enabled by generative modeling described here allows the 
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Fig. 3. Timeline of Variant Prediction Tools Usage Based on Data Availability During a Pandemic. Generalist tools easily adaptable to emerging variants are the ideal 
choice following the initial viral outbreak, when little viral data is available. Highly-specialized tools leveraging vast amounts of data are optimal during the later 
stages of a pandemic, when extensive data has been collected.

exploration of putative multi-mutation variants. This approach was able 
to capture naturally occurring variants. CoVFit, another notable exam
ple, achieved accurate SARS-CoV-2 antibody-evading as well as fitness 
predictions [49]. This was achieved by fine-tuning ESM-2 on coronavi
dae genomes, SARS-CoV-2 DMS antibody-evasion data, and genotype
specific fitness information obtained form surveillance efforts.

5. The role of fitness measures and evolution prediction in 
pandemic preparedness

As demonstrated during the COVID-19 pandemic, the diversification 
of a virus during an ongoing pandemic represents a significant threat to 
effective public health interventions such as vaccination [94,95,12,13]. 
Beyond the COVID-19 pandemic and in preemption to future outbreaks, 
it is vital to develop frameworks that enable the rapid adaptation to 
emerging pathogens. The successful forecasting of viral evolution pro
vides an opportunity to shape the actions to be taken in order to mitigate 
the impact of an evolving pathogen. In fact, the use of evolutionary 
predictions to better inform vaccine development has already been in
vestigated in the context of SARS-CoV-2 [71].

In this section, we will discuss advancements made in the use of viral 
evolutionary prediction frameworks to mitigate viral pandemics. Partic
ular attention will be given to i) leveraging evolutionary predictions to 
inform vaccine development as well as public health policy, ii) adapting 
existing frameworks to other viruses that may emerge or become of ma
jor concern, and iii) incorporating human population genetics into viral 
evolutionary forecasting schemes in order to interrogate host-pathogen 
co-evolution.

5.1. Anticipate variants to guide vaccine development and public health 
policies

The primary objective of vaccination interventions consists of pro
viding long-lasting protection against infectious agents. However, the 
emergence of new viral variants poses a difficulty to the development 
of vaccines with sustained effectiveness. Challenges to vaccine efficacy 
arise when mutations associated with novel variants lead to the diver
sification of vaccine-targeted antigenic regions, [48,96], reducing their 
structural similarity to the original vaccine design. The corresponding 
reduction in vaccine-induced protection was strongly featured during 
the COVID-19 pandemic. As a well-documented example, the emergence 

of Omicron variants was shown to severely decrease the effectiveness of 
first-generation vaccines and booster vaccines as well as monoclonal an
tibody therapies by means of antibody evasion [94,95,12,13]. A promis
ing avenue consists of developing vaccines in anticipation of potentially 
harmful viral variants [71].

DMS experiments have shown potential in identifying vaccine
evading variants [97], but their results are limited to a relatively small 
number pre-identified neutralizing antibodies. Additionally, interrogat
ing the synergistic impact of co-occurring mutations remains difficult, 
particularly when thousands of strains are circulating. ML-based com
putational strategies can provide a powerful complimentary approach. 
Notably, Youssef and colleagues propose a computational framework 
forecasts antibody evading viral variants using EVEscape (see section 4.2
for details) [71]. The authors then leverage their predictions to propose, 
generate and assay vaccine constructs. Importantly, they claim their 
framework to be relevant in early stages of the pandemic due to its re
liance on pre-pandemic data [71,44]. Frameworks such as this one can 
be used to anticipate future harmful variants to develop more vaccines 
in anticipation of the emergence of a variant. To this end, the devel
opment of booster vaccines modified to anticipate future variants was 
shown to result in superior neutralization over vaccines targeting cir
culating variants or ancestral vaccines [98,96]. Even without variant 
anticipation, ancestral-based booster vaccines have been shown to pro
vide adequate immunization, reducing the likelihood of infection. One 
notable challenge with respect to the development of vaccines adapted 
to future variants lies in the potential gap between predicted and ob
served variants, which can hinder the integration of such frameworks in 
public health interventions. Nevertheless, the methods discussed in this 
review lay the groundwork for the incorporation of predictive strategies 
within public health interventions.

5.2. Adaptability to emerging viruses

The phenomenon of pathogen transmission from animal to human 
is known as spillover, and it has been the most common cause of pan
demics in the last century [99]. It has been a major cause of concern 
for public health, especially when considering that the COVID-19 pan
demic is of zoonotic origins [100,99]. To address this challenge, sub
stantial efforts have been aimed at investigating the risk of spillover 
events as well as the identification of viruses that may pose putative 
pandemic threats [101--104]. Ultimately, such efforts aim to identify 



Computational and Structural Biotechnology Journal 27 (2025) 1370–1382

1378

D.J. Hamelin, M. Scicluna, I. Saadie et al. 

Pandemic-Causing Viruses, which consist of viruses with high poten
tial for leading to global pandemics [105,106]. Such endeavours aim 
to facilitate pathogen discovery, pathogen-host compatibility, as well 
as disease-risk mapping, with certain approaches leveraging panels of 
experts [101,107]. A notable example is SpillOver, an open-source pub
lic risk assessment web-based tool, also acting as a publicly accessible 
database, designed to prioritize zoonotic viruses that pose the greatest 
risk of causing a major spillover event in public health policies [101]. 
SpillOver was built on a framework that attributes a risk score to known 
or emerging viruses based on a set of risk factors determined through 
extensive literature review and specialist opinions. The higher the risk 
score estimated, the higher the urgency to come up with policies to 
mitigate the danger of the virus. The scores evaluated through the frame
work are then added to SpillOVer’s ranking with a ranking score from 
0 to 100. As of December 2nd 2024, SpillOver showcases 889 viruses 
where SARS-CoV-2 is the rank 1 virus with a risk score of 97, followed 
by the lassa virus with a score of 91. Beyond risk-assessment, this open
source platform provides a dynamic database encouraging the continued 
inclusion of under-studied viruses, promoting the monitoring of spill
over events. Importantly, there exists a complementarity between risk 
assessment frameworks and evolutionary forecasting strategies. While 
the former identifies high-risk pathogens, the latter identifies regions at 
high risk of immune evasion and diversification, thus providing early 
blueprints for vaccine development. Studies have investigated the effec
tiveness of leveraging pre-pandemic strategies, by leading preemptive 
research that could be employed in cases of outbreaks [99]. One such 
method is EVEscape, which was capable of assessing and predicting 
specific SARS-CoV-2 variants that emerged during the pandemic, by 
leveraging pre-pandemic coronoviridae data. It also predicted emerging 
lassa virus and nipah virus variants, which coincidentally are among the 
top viruses on SpillOver’s ranking. Thus, by leveraging risk assessment 
tools in identifying pathogens of greatest risk, variant prediction tools 
could be used to predict their most likely evolutionary pathway. This 
approach could greatly reduce the time needed to develop appropriate 
vaccines, which is crucial to lower the mortality rates in the early stages 
of a pandemic.

5.3. Host genetics and forecasting viral evolution

Whether built using phylogenetic or deep learning models, virtu
ally all the evolutionary predictive methods discussed in this review 
rely heavily on viral genetic diversity to forecast evolution. While host 
genetic diversity is known to play a key role in the evolution of the 
virus, such information was generally not incorporated within these 
evolutionary predictive models. Nevertheless, interactions between viral 
pathogens and host genetics have been extensively reviewed, with host 
genetic diversity shown to act as a driver of viral evolution across var
ious viral species [108--110]. For example, variations within the Major 
Histocompatibility Complex (MHC) region were shown to be associated 
with susceptibilities to a variety of viral pathogens including HIV, Tu
berculosis, Hepatitis C Virus (HCV) and SARS-CoV-2 (non-exhaustive) 
[111--113]. The MHC region is responsible for the T cell arm of the 
adaptive immune system and has been identified as one of the most 
polymorphic regions of the human genome [114]. MHC polymorphism 
is characterized by both inter-individual and inter-population diversity, 
resulting in notable variations in MHC-disease associations and T cell re
sponses [115,116]. In fact, the relationship between the MHC region and 
viral evolution constitutes a well-documented example of host-pathogen 
co-evolution that considers both host and viral diversity. MHC-driven 
viral polymorphisms have been extensively studied in both HIV and 
Influenza-A [117--120]. Interestingly, access to Influenza-A sequenc
ing data spanning nearly a century has demonstrated the long-term 
antigenic diversification of T cell epitopes [120]. SARS-CoV-2 variants 
were shown to evade T cell immunity in an MHC allele-specific fash
ion [121,122,19]. As such, MHC-SARS-CoV-2 disease associations may 
suggest a putative role of MHC diversity in viral evolution. T cells were 

shown to be crucial in controlling viral infections, providing long-term 
immunity, and contributing to vaccine-induced immunity. Therefore 
identifying putative T cell escape events is essential to ensure the success 
of public health interventions. The development of frameworks enabling 
the anticipation of such mutations is particularly relevant to the effec
tiveness of T cell vaccines. These aim to specifically stimulate T cell 
immunity and constitute a promising vaccination avenue for individu
als with B cell deficiencies.

Beyond the MHC, many genes have been associated with disease sus
ceptibility in viral diseases. Notable examples include genes involved in 
interferon and Toll-like receptor signaling pathways, such as IFNAR2, 
which mediates cellular responses to type I interferons and has been 
associated with severe COVID-19 outcomes [123]. Other SARS-CoV-2
specific examples of host-pathogen genetic interactions include genomic 
variations within the Furin protease as well as TMPRSS2 [124--126]. 
These were both shown to affect viral entry into host cells, thereby 
modulating disease susceptibility. The genetic diversity within the ACE2 
gene across human populations was also suggested as a putative source 
of selective pressure driving SARS-CoV-2 adaptation [127]. Addition
ally, RNA-editing mechanisms such as those mediated by APOBEC3A 
have been shown to contribute to intra-host genomic diversity, driving 
viral evolution and facilitating the emergence of advantageous muta
tions [128]. The investigation of intra-host evolution, which involves 
examining viral genetic diversity within individual hosts to explore 
within-host evolutionary dynamics [129--131], has also revealed several 
key host-pathogen interactions [132,133]. The incorporation of host ge
netics factors within viral evolution forecasting frameworks could pos
sibly enhance the predictive power and accuracy of such frameworks, 
leading to the identification of mutations omitted by virus-centric mod
els. The absence of such information across tools aimed at forecasting 
viral evolution likely lies in the scarcity of large datasets linking viral 
genetic diversity, host genetic diversity, and disease outcome. How
ever, such datasets do exist. Several studies have attempted to inter
rogate cross-talks between host and pathogen genetics by conducting 
dual RNA-sequencing of both host and pathogen genomes across co
horts [134--137]. These investigations demonstrated the relationship 
between host genetic factors and pathogen polymorphism, recapitulat
ing the role of HLA as well as interferon signaling pathways as drivers 
of pathogen evolution. Notably, Palmer and colleagues developed a 
Bayesian-based computational method to model the most likely viral 
evolutionary trajectories resulting from host factors [134]. While these 
approaches provide valuable insights, limitations in dataset availability 
and species coverage have prevented their integration within strategies 
aimed at forecasting pathogen evolution. Nevertheless, given the im
portant influence of host genetic factors on viral evolution, leveraging 
such information could further improve the accuracy of viral evolution 
forecasting.

6. Perspectives: pandemic preparedness, a multi-strategic 
solution

A wide range of methods have been explored to anticipate viral evo
lution. Nevertheless, it is likely that successful pandemic mitigation will 
be best supported by a combination of strategies instead of a single 
approach (Fig. 3). For example, certain strategies were shown to be 
more suitable for early flagging of problematic mutations in emerging 
pathogens when limited information is available [44,86,43], denoted 
as ``Scarce Data Forecasting tools'' in Fig. 3. Leveraging evolutionary in
sights specific to viral families, these methods were conceived to be gen
eralizable across species, making them particularly relevant to novel dis
ease outbreaks. Importantly, they provide information regarding regions 
of the viral genome that are prone to frequent mutations and that may 
circumvent host immunity. Such knowledge may provide early guidance 
for experiments as well as vaccine development. As such, these methods 
will be particularly relevant during both pre-pandemic and early-stage 
pandemic timelines. These approaches may however be outperformed 
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by species-specific models during later stages of the pandemic, as more 
data becomes available [42,50,51,45], denoted as ``Surveillance-Driven 
Forecasting tools'' in Fig. 3. Such methods possess limited power when 
faced with data scarcity, but improve significantly as more data be
comes available. While pre-pandemic tools rely on learning across viral 
families, pandemic tools aim to capture evolutionary relationships and 
biological rules within a single viral species. Effectively forecasting vi
ral evolution prior to and during an ongoing pandemic will require 
appropriately leveraging early-pandemic and late-pandemic strategies 
to generate conducive to actionable insight. Beyond tool architecture, 
the incorporation of host genetic diversity within evolutionary forecast
ing frameworks could directly address evolutionary drivers currently 
not considered. Host factors, including genetic variability in immune 
response genes such as MHC and interferon-related pathways, play a 
crucial role in shaping viral evolution by exerting selective pressures on 
viral populations. However, the integration of host-pathogen interac
tions into predictive models remains challenging due to the scarcity of 
large-scale, well-characterized datasets that link viral mutations to host 
genetic backgrounds. While viral evolution forecasting offers a powerful 
means of pandemic preparedness, it also raises dual-use concerns, par
ticularly regarding the potential misuse of predictive insights in viral 
pathogen engineering. Recent advances in generative AI for biodesign 
have raised concerns about its potential to inadvertently or intentionally 
create harmful viral agents with enhanced transmissibility and virulence 
[138--141]. As forecasting tools become increasingly sophisticated, re
sponsible data-sharing frameworks and regulatory policies will be essen
tial to ensuring that these technologies serve public health rather than 
pose unintended risks.

7. Conclusion

The recent COVID-19 pandemic has showcased the capacity of viral 
pathogens to rapidly adapt to host defence mechanisms while overcom
ing vaccination strategies. Advances in big data collection and analysis 
have unlocked new opportunities for forecasting viral evolution, provid
ing a promising avenue to complement surveillance efforts and enable 
the development of preemptive public health interventions. If success
fully implemented, this would facilitate the design of early warning 
systems while anticipating responses to future harmful viral variants. 
Recent advancements in computational methods, such as deep learning 
and language models, have the power to revolutionize the forecasting 
of viral evolution. There remains significant challenges to be addressed, 
which include data scarcity, handling of data collection biases, as well 
as the prediction of complex, saltation-like evolutionary events. De
spite these logistical and implementation challenges, these methods are 
now poised for integration into public health and pandemic manage
ment strategies. These innovations, combined with the drastic growth 
of viral data collection and sharing strategies, have created a research 
environment uniquely suited to this task. Expanding global access to 
high-quality viral datasets will not only accelerate research but also en
hance the development of preemptive public health strategies against 
future pandemics.
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