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Research Background

• The COVID-19 pandemic was characterized 

by repeated infection waves, driven by SARS-

CoV-2 variants with new and advantageous 

genomic mutations.

• These mutations enhanced fitness in variants 

of concern (VOC) via a complex interplay 

between viral intrinsic traits and population 

immunity, shaped by vaccinations and prior 

infections

CDC COVID Data Tracker

GISAID



Understanding how these traits interact with host is crucial for predicting viral evolution,  improving vaccine 
strategies, and designing equitable pandemic responses.

External: Vaccination, non-pharmaceutical interventions 
(NPIs), and socio-economic development status also affect 
susceptibility, mobility, and health-related factors. 

Internal: The mutations that change viral traits, such as 
ACE2 receptor binding and immune escape.

Factors associated with SARS-CoV-2 fitness



SARS-CoV-2 ACE2 binding and immune escape

ACE2 binding SARS-CoV-2 enters host cells 
primarily through its spike protein, which binds to 
the human ACE2 receptor. The spike is a major 
target for neutralising antibodies.
 
Immune escape SARS-CoV-2 can evade 
recognition and neutralisation by the host 
immune system, particularly by avoiding 
detection from neutralising antibodies. This 
phenomenon, known as immune escape, is driven 
by mutations that alter the spike protein structure 
and reduce antibody binding.

Morales-Núñez et al. Vaccines (Basel) 2021



Deep Mutational Scanning measuring virus traits (e.g. ACE2 additive 

binding score, immune escape score and cell entry score)

Pseudo-virus deep mutational scanning data, which mapped the binding free energy, immune escape, and 

cell entry for all possible mutations at each site of the SARS-CoV-2 spike protein amino acid sequence, were 
utilized to calculate the viral ACE2 additive binding score, immune escape (i.e. serum antibody escape) 
score, and cell entry score (i.e., the sum of individual mutational effects)
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What does SARS-CoV-2 fitness landscape look like? 



Workflow

2. Pre-processing 3. Modelling 4. Generating

Spike protein sequences
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Deep mutational

scanning data

Mobility data
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Vaccine administration

(Italian MoH)

• Calculate additive binding score via 

DMS mapping

• Calculate immune escape score via 

DMS mapping

Virus fitness

Fitness Landscape

Fitted with virus fitness, population 

immunity & ACE2 binding to visualize 

evolutionary trajectories

Viral ACE2 Binding &

Immune Escape
SEIR Model

Stochastic SEIR model coupled with 

vaccination, mobility & immune escape 

to estimate virus fitness
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Population Immunity



Mobility variety cannot explain the pattern

(1) A large variety in daily incidence and mobility was observed. 

(2) No clear positive correlation between mobility and incidence
(3) The effective reproduction number was likely influenced by both virus 
infectiousness and susceptibility.



Vaccine roll out



Analysis of ACE2 binding affinity and immune escape

A) Variant prevalence over time (Alpha, Beta, Delta, Gamma, 

Omicron, early 2020–early 2022)

(B) ACE2 additive binding score decreased from a high level in 
Alpha (B.1.1.7) to Delta (B.1.617.2), comparable to the wild type. 
Early Omicron lineages (BA.1.1) showed increased binding, while 

BA.2 exhibited reduced binding.

(C) Immune escape showed a gradual rise from alpha to delta, 
followed by a sharp rise with the emergence of omicron, 



Decomposing virus fitness  

The effective reproduction number (𝑅𝑒) was represented as two 

components: a viral intrinsic factor (infectiousness), and extrinsic 

factor (susceptibility and contact rate), as below:

• 𝛽v(𝑡) refers to ACE2 binding-dependent viral fitness, infectiousness.

• Vei(𝑡) refers to vaccine efficacy from different doses (i) against the wild-
type.

• Vei(𝑡)⋅e
− c⋅immune escape(t): protection against circulating strains, accounting 

for their immune escape, derived from DMS data. 

• 𝛽𝑖𝑚𝑚_𝑖 𝑡 = 𝛽𝑣 𝑡 ∙ ((1 − 𝑉𝑒𝑖
(𝑡) ∙ 𝑒−𝑐∙𝑖𝑚𝑚𝑢𝑛𝑒_𝑒𝑠𝑐𝑎𝑝𝑒(𝑡)) ∙ 𝑀(𝑡) 

• Si (t)/N: fraction of individuals at each susceptibility, based on vaccine 
dose i received.

• 𝑀 𝑡 : Google mobility

𝑅𝑒 = 𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 × 𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 ×  𝐶𝑜𝑛𝑡𝑎𝑐𝑡

     = 𝛽𝑣 𝑡 ∙ 𝑇𝑔 × ((1 − 𝑉𝑒𝑖
(𝑡) ∙ 𝑒−𝑐∙𝑖𝑚𝑚𝑢𝑛𝑒_𝑒𝑠𝑐𝑎𝑝𝑒(𝑡)) ∙ Τ𝑆𝑖 𝑡 𝑁 ∙ 𝑀(𝑡))

Ding et al. iScience 2026
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Modelling fitting

The number of individuals in compartment IR (i.e., reported 

infectious cases), as the modeling output, was used to fit the daily 
numbers of reported cases (𝐼𝑅). Detection rate 𝑑 was estimated.

The particle Markov chain Monte Carlo method (pMCMC), was used 
to calibrate model output using daily reported cases and then 
estimate model parameters, with a total of 100,000 iterations. 

𝛽𝑣 𝑡  was estimated using particle Markov chain Monte Carlo 
(pMCMC) and modeled as a Brownian motion, such as:

log(𝛽𝑣 𝑡 ) = log(𝛽𝑣 𝑡 − 1 ) + 𝜏 

𝜏 ∼ Normal 0, 0.5  

Ding et al. iScience 2026Ding et al. iScience 2026
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SARS-CoV-2 transmission, evolutionary and immune dynamics

(A) The model successfully reproduced the observed 

infection dynamics across multiple waves.

(B) The intrinsic virus fitness show large variability 

during late delta and omicron periods.

(C) The immunity against the wild-type strain (such as 

vaccine-induced (green line) and natural infection 
combined with vaccine-induced immunity (red line) 
increased due to the initiation of the vaccination 

campaign (beginning in the late December 2020) in Italy 
around the same time.

(D) A similar trend was observed for effective immunity 
against circulating VOCs during alpha and delta periods, 
but a significant decrease was recorded in the omicron 

period.



Virus’s fitness in SARS-CoV-2 evolution

(A) The phenotype-fitness landscape spanned by ACE2 

binding score and host’ effective immunity showed 
rugged patterns with four major peaks, corresponding 
to B.1.1.7 (Alpha), B.1.617.2 (Delta), BA.1* (first 

Omicron peak) and BA.2* (second Omicron peak).

(B) A higher effective immunity was associated with a 

lower fitness peak. Within the omicron period, the 
binding score and effective immunity decreased 
simultaneously, associated with an optimal fitness 

peak.



Conclusions

• The results suggest that the relationship between virus fitness and immunity, 

influenced by ACE2 binding, is not simply linear. 

• SARS-CoV-2 mutations along with immunity influences generated a rugged fitness 

landscape, which shaped viral evolutionary trajectories in Italy.



How do viral fitness patterns differ across countries with varying 

developmental statuses in the post-pandemic period?



Research Background

• Local trajectories and timings of emergence of subvariants vary markedly among countries.

• Epidemic patterns and evolutionary pressures can be different between different regions.

• How and why fitness patterns differ across countries with varying developmental statuses is still unknown.

Wang et al. Nature (2022)



Study flow and model design

• The countries contributing these data were categorized into 

three groups based on the joint definition of advanced 

countries (AC), developing countries (DC), and least 

developed countries (LDC). 

• To ensure the most accurate estimation of the virus’s growth 

rate (which was used as a proxy of virus fitness), I selected 

the three countries with the largest sample sizes from each 

group. 

• The countries included in the analysis were the USA, the UK, 

Germany, India, Brazil, Turkey, Bangladesh, Senegal, and 

Cambodia.

Ding et al. International Journal of Infectious Diseases 2026



Growth rate as fitness in simple model

• The growth rate of a disease is a natural way to capture how quickly the number of infections are changing day by day. The 
growth of cases of a disease is modelled using an exponential curve:

Here N is the number of cases, which depends on time t measured in days, and λ is what is called the growth rate of the 
disease per day.



Modelling virus growth rate using Multinomial Logistic Regression

Given a specific day 𝑑 (defined as the number of days relative to the current date), the model generates 
a probability distribution that represents the predicted values for various lineages within a single 
country. This process can be expressed with the following formulas:

where ොy𝑙,𝑑 is the predicted probability for the 𝑙-th lineage on day 𝑑, which was used to fit the 

proportion of each lineage through the optimal categorical cross entropy. The 𝛿 for each lineage in 
each country are computed using the following formula:

where 
𝜃l

365
 represents each lineage’s rate of change (i.e., virus growth rate), scaled by the number of 

days. 𝐶𝑙 is initial proportion for each lineage in a country. 



SARS-CoV-2 transmission dynamics among nine countries

• The fitted curves from MLR model closely 

tracked the observed prevalence data for 

each major lineage, accurately capturing both 

the timing and magnitude of lineage 

expansions and replacements across diverse 

epidemiological contexts. 



Patterns for virus traits and growth rate among nine countries

• The additive sum of ACE2 binding, 

serum antibody escape, and cell 

entry scores across SARS-CoV-2 

lineages reveals distinct temporal 

trends.

• Growth rates of certain countries 

exhibits similar patterns. 



Patterns for virus traits and growth rate among nine countries

• The distribution of growth rates shows a 

steeply rising curve in LDCs and DCs than  

ACs.

• Lineages such as XBB and XBB.1, which 

rank among the top 10, predominantly occur 

in LDCs or DCs, yet their growth rates in 

ACs remain comparatively moderate



The relative risk (RR) of virus traits on virus growth rate



Marginal effect of SDI on viral lineage fitness

A clear gradient was observed for immune escape, with the strongest effects in least developed countries (LDCs), 
followed by developing (DC) and advanced countries (AC). Bangladesh and Senegal exhibited the highest RR 
values, consistent with findings in previous figures and tables showed that immune escape has a greater effect in 
LDCs.



Predictive performance of machine learning models

(1) Model performance was quantified by four standard 
regression metrics: Root Mean Squared Error (RMSE), 
Mean Absolute Error (MAE), the coefficient of 
determination (R2), and the Pearson correlation 
coefficient (Pearson r) between predicted and observed 
growth rates. 

(2) To complement the continuous regression evaluation, 
a binary classification was performed, categorizing 
growth rate values greater than 50 as ”high fitness” and 
those below 50 as ”low fitness”. For each model, the 
resulting binary predictions were evaluated by Accuracy, 
F1 score, Precision, and Recall, reflecting the models’ 
capacity to correctly identify high- and low-fitness viral 
lineages.

(3) XGBoost achieved the highest overall scores, with an 
accuracy of 0.923, F1 score of 0.949, precision of 0.944, 
and recall of 0.954 for identifying “high- and low-fitness” 
viral lineages. 



Conclusions

• These findings suggest that ACE2 binding and immune escape both are the driver 
of viral fitness in an immune-experienced world, and that socio-economic 
conditions shape the selective pressures acting on viral evolution through immune 
escape.

• Strengthening global surveillance and ensuring equitable healthcare resources, 
therefore, might be critical not only for controlling current outbreaks, but also for 
shaping the evolutionary direction of the virus.
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