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ARTICLE INFO ABSTRACT

Keywords: The evolution of SARS-CoV-2 has been driven by successive globally circulating waves, including the
SARS-CoV-2 evolution Alpha and Delta lineages, early Omicron (BA.1-BA.5), XBB, and the recently dominant JN.1 lineages.
JN.1 Although the marked advantage in fitness of early Omicron over Delta lineages has been recognized,
Genomic epidemiology there is a lack of systematic evaluation of SARS-CoV-2 fitness across 2020 to 2025. Here, we analyzed
Lineage fitness 15.23 million SARS-CoV-2 genomes available through May 2025. The accumulation of mutations in
Physicochemical and structural the spike protein of the virus has continued to accelerate over time, whereas the trend slowed in the
feature other viral proteins. Using a Bayesian genomic-epidemiological framework, we estimated that lineage
fitness increased approximately linearly from 2021 to 2025. Notably, JN.1 lineages exhibited a
significantly higher rate of fitness gain than their predecessor XBB and earlier Omicron lineages. We
further analyzed characteristic mutations of JN.1 and found that those in the receptor-binding
domain were associated with larger alterations in residue hydropathy, charge, and structural sur-
face exposure relative to other lineages. These findings suggest JN.1 as a distinct evolutionary stage
and underscore the importance of sustained genomic surveillance.

INTRODUCTION replaced by JN.1 from November 2023 onward (Jian et al., 2025; Yajima

et al., 2024; Yang et al., 2024). The JN.1 gave rise to multiple globally

Since December 2019, SARS-CoV-2 has continued to circulate glob-
ally, causing recurrent waves of infection. Over five years of sustained
human-to-human transmission, the virus has undergone extensive evo-
lution, generating genetically diverse lineages (Li et al., 2021, 2024;
Markov et al., 2023). The World Health Organization (WHO) classifies
biologically significant lineages as Variants of Concern (VOCs), Variants
of Interest (VOIs), and Variants Under Monitoring (VUMs). Major VOCs
include the Alpha and Delta, and in November 2021, the Omicron
sublineages BA.1 and BA.2 emerged, exhibiting substantial genomic
variation concentrated in the spike (S) protein (Harvey et al., 2021; Ma
et al., 2023). Subsequently, the recombinant XBB lineages dominated
global circulation from late 2022 to October 2023, and were then largely
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circulating sublineages, including KP.3 in 2024 and LP.8 from July 2024
to May 2025, and these have been associated with further antigenic
escape and reduced protection from vaccination (loannou et al., 2025;
Wang et al., 2024; Xu et al., 2024). Notably, although the circulation and
evolution of SARS-CoV-2 continuously persist in human populations,
genomic surveillance of SARS-CoV-2 has declined substantially since the
WHO declared the end of the public health emergency in May 2023. In
the subsequent three years (2023-2025), weekly submissions to GISAID
decreased from ~131,000 to ~3,160, limiting timely and comprehen-
sive assessment of ongoing evolutionary change.

Quantifying the fitness of SARS-CoV-2 lineages over the past five
years is important yet remains relatively understudied. Recent studies
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have primarily focused on the antigenic and virological characteristics
of individual novel variants, such as LP.8.1 and NB.1.8 (Guo et al., 2025;
Liu et al., 2025). However, a comprehensive, population-level analysis
that jointly characterizes long-term genomic variation and lineage
fitness across the full course of SARS-CoV-2 circulation is still lacking,
and is essential for an integrated view of how viral evolution has
unfolded and interacted with the context of changing host immunity.

Prior studies have well-documented the rapid global replacement of
preceding variants by Omicron lineages in late 2021 (Chaguza et al.,
2022; Paton et al., 2022; Viana et al., 2022). Obermeyer et al. (2022)
integrated global genomic and epidemiological data, demonstrating
markedly increased fitness of Omicron BA.1 and BA.2 relative to earlier
VOCs. However, it remains unclear whether the rate of fitness gain has
further accelerated in the past three years, particularly following the
emergence of XBB and JN.1, which subsequently triggered large waves
of global transmission.

In this study, we analyzed amino-acid-altering mutations across
15.23 million SARS-CoV-2 genomes collected between December 2019
and May 2025. Using a genomic epidemiological approach, we found
that the emergence of JN.1, but not XBB, was associated with a signif-
icant acceleration in fitness gain relative to preceding XBB and earlier
Omicron lineages. Compared with XBB and early Omicron variants, JN.1
exhibited more frequent recurrent and shifted mutations at previously
mutated sites, along with greater variation in residual physicochemical
properties and surface exposure. These results underscore the impor-
tance of sustained genomic surveillance and continued functional
investigation.

RESULTS
Mutation accumulation of SARS-CoV-2 from 2019 to 2025

From the prototypic Wuhan-Hu-1 strain (GISAID accession EPI -
ISL_402124) in late 2019, more than 16 million SARS-CoV-2 genomes
have been submitted to GISAID (averaging 258,370 submissions per
month from January 2020 to May 2025, Fig. 1A). This genomic sur-
veillance dataset for a single species enables systematic, population-
level genomic and evolutionary analyses. However, it should be noted
that the submissions declined sharply after May 2025, falling to <1000
per week.

SARS-CoV-2 variants were assigned to Pango lineages (Rambaut
et al., 2020) based on their genomic mutations. Using one-week time
bins, we quantified the number of amino-acid-altering mutations in
lineages during the five years, (see thresholds in Methods, Fig. 1B). The
mutations of SARS-CoV-2 lineages accumulate over time and, notably,
progress through discrete linear phases. Specifically, the overall linear
increase was punctuated by three major leaps over the past five years,
coinciding with the emergence of Alpha, Omicron, and JN.1 variants
(Fig. 1B). The most substantial increase was accompanied by the sudden
emergence of Omicron in late 2021. Subsequent XBB sublineages
contributed only a modest, rather than dramatic increase in mutation
counts.

Acceleration of mutation accumulation in the S protein

The accumulation of mutations was largely attributable to those in
the S protein, rather than in other proteins (Fig. 1C and D; Supple-
mentary Fig. S1-4). Changes in the mutational spectrum of S protein are
shown in Fig. 1E, which reveals dramatic mutation shifts induced by the
emergence of Alpha, Omicron, XBB, and JN.1 variants.

SARS-CoV-2 reached its highest accumulation rate of mutations at
the genome-wide level during the pre-Omicron VOCs periods, with a
rate of 0.25 amino acid (AA) mutations per week, followed by a subse-
quent decline (Fig. 1B). By contrast, the S protein exhibited a divergent
trend: its accumulation rate increased markedly and continuously from
the emergence of Omicron onward. In particular, the JN.1 variants
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accumulated significantly faster than XBB, reaching 0.128 AA mutations
per week (Fig. 1F). An opposite trend was observed for the other pro-
teins, where the weekly accumulation rate in JN.1 variants was as low as
0.052 (Fig. 1G). These results suggest the ongoing adaptation of SARS-
CoV-2 is becoming increasingly predominant in the S protein.

JN.1 exhibited acceleration in fitness increasing

The mutations exhibited three major leaps (consistent with the
emergence of Alpha, Omicron, and JN.1), and we next compared the
variation of viral fitness for lineages across these leap-associated pe-
riods. It is challenging and infeasible to integrate the effects of separate
mutations to measure the fitness, considering the highly diverse func-
tionalities and epistasis. Therefore, we adopted a genomic epidemiology
approach to estimate viral fitness at the lineage level. Namely, the fitness
of lineages was inferred by analyzing their prevalence dynamics in
humans, which accounted for the competition among co-circulating
lineages.

We used the PyRO framework, a hierarchical Bayesian model
developed by Obermeyer et al. (2022), to quantitatively assess fitness of
viral lineages. PyRO was originally applied to SARS-CoV-2 lineages up to
Jan 2022, spanning the emergence of early Omicron lineages BA.1 and
BA.2. We extended the analysis across five years. As shown in Fig. 2A,
while the virus exhibited a generally continuous rise in fitness, notably,
it had two times of acceleration in the rate of increasing fitness. The first
acceleration coincided with the emergence of Omicron, and induced
roughly a 10-fold increase in the rate of fitness increase (consistent with
(Obermeyer et al., 2022)). The second significant acceleration in the rate
of fitness gain was attributable to the JN.1 (approximately 1.89-fold,
two-sided Wilcoxon rank-sum, P < 0.001 compared to the previous
lineages). By contrast, the XBB did not present a significant acceleration
but a slight decline in the rate (inset of Fig. 2A, see also the
baseline-removed within-group analysis in Supplementary Fig. S5).

Since mutations became increasingly enriched in the S protein over
time and diversification has remained high since the emergence of
Omicron, we further used CoVPF, a tool we previously developed for
Omicron sublineages (Lei et al., 2025), to estimate lineage fitness within
Omicron. CoVPF adopts a framework similar to PyRO while focusing on
the S protein and incorporates Omicron-context functional effects
(schematic diagram in Supplementary Fig. S6). As shown in Fig. 2B, the
fitness increasing with time by using CoVPF is qualitatively consistent
with the PyRO-based estimates. JN.1 exhibited a significantly higher
acceleration rate than XBB (1.62-fold, two-sided Wilcoxon rank-sum
test, P < 0.001) and early Omicron (1.86-fold, two-sided Wilcoxon
rank-sum test, P < 0.001).

JN.1 had more loci harboring recurrent and shift mutations

Based on the fitness analysis, we divided the five-year evolution of
SARS-CoV-2 into three stages in the following analysis: (i) the stage
before the emergence of Omicron (Dec 2019 to Oct 2021, referred to as
the pre-Omicron stage), (ii) the stage before the emergence of JN.1 (Nov
2021 to Oct 2023, the early-Omicron stage, including BA.1-BA.5 and
XBB), and (iii) the JN.1 period (Nov 2023 to May 2025, the JN.1 stage).

Within each stage, we extracted fixed mutations, defined as specific
AA changes that reached a global frequency of >50% in at least one 3-
month window, using all genomes submitted during the corresponding
period. Relative to the pre-Omicron stage, the early-Omicron stage
exhibited a marked expansion of newly fixed mutations in the S protein,
with 42 newly fixed over 27 months (1.55 per month). Notably, the JN.1
stage accumulated 30 newly fixed S mutations within 18 months, cor-
responding to an even higher rate (1.67 per month) than that observed
in the early-Omicron stage (Fig. 3A). In contrast, newly fixed mutations
in other proteins declined in the JN.1 stage, from 0.96 per month in the
early-Omicron stage to 0.67 per month (Fig. 3B).
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Fig. 1. The genomics and amino-acid-altering mutation accumulation of SARS-CoV-2 from 2020 to 2025. A Number of SARS-CoV-2 genomes weekly submitted to
GISAID from Dec 30, 2019 to May 3, 2025. B Accumulation of mutations over time. Each point denotes the mean number of mutations of Pango lineages with a
population frequency of no less than 0.5%. The accumulation rates by Huber regression (50% subsampling for 100 times, mean value) are indicated by the dashed
lines, and distributions of fitted slopes are shown in the inset with P values from interaction tests. C, D Mutations in S protein (C) and in non-spike proteins (D),
colored by the lineages indicated in (B). E Mutations in the S protein over time. F, G Rates of mutation accumulation via Huber regression for SARS-CoV-2 S protein

(F) and other proteins (G).
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Fig. 2. Acceleration of viral fitness increasing. A Fitness of SARS-CoV-2 lineages estimated using PyRO. Relative fitness was calculated by subtracting the fitness of
the prototypic strain estimated by PyRO from the fitness of each lineage estimated by PyRO. The increasing rates of fitness by Huber regression are indicated by
dashed lines. The inset shows the distribution of fitted regression slopes. B Fitness analysis of global SARS-CoV-2 lineages by using CoVPF. The relative fitness was
calculated based on the Omicron ancestral strain B.1.1.529.

Notably, JN.1 stage had apparently more novel or recurrent fixed stage, only one shift mutated locus was observed, position 681 in S
mutations at the loci that previously harbored a different fixed mutation, protein, which successively harbored P681H in Alpha and P681R in
which we referred to as shift mutated loci (Fig. 3C). In the pre-Omicron Delta variants. The early-Omicron stage had six shift mutated loci,
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Fig. 3. Fixed amino-acid-altering mutations and loci with shift mutations. A, B Number of fixed mutations in the S protein (A) and the other proteins (B) in the stage
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below. Hot epitope regions are shaded in gray (p = 0.014; see Methods). The loci of shift mutations are denoted by blue triangles and blue dashed vertical lines. Other
novel fixed mutations in each stage are denoted by red triangles and red dashed vertical lines.
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positions 19, 213, 339, 486 and 681 in S protein, and position 3 in
membrane (M) protein, in which P681H is a recurrent mutation. In the
JN.1 stage, ten loci exhibited fixed shift mutations (Fig. 3D). Among
these, four loci in S protein (positions 445, 452, 484 and 493), one locus
in nucleocapsid (N) protein (position 204) and one locus in M protein
(position 3) were first identified as shift mutated loci; while two loci in S
protein carried recurrent substitutions (P681H and V213G). The six
novel shift mutated loci were not inherited from the JN.1 ancestor BA.2/
BA.2.86, suggesting they were more likely to be derived from adaptive
evolution.

Using our curated functional annotation database AnnCovDB (Zhang
et al., 2025) for a literature research, we found that seven of the eight
shift mutations and twelve additional newly fixed mutations of S protein
in the JN.1 stage have experimental evidence consistent with immune
escape (Supplementary Table S1-2). Moreover, using hot epitope re-
gions defined from Immune Epitope Database mapping records (see
Methods), we systematically compared changes of S protein across
stages. Newly fixed S mutations were significantly enriched within hot
epitope regions in the early-Omicron and JN.1 stages (two-sided Fisher
exact test, P < 0.037), but not in the pre-Omicron stage (P = 0.448)
(Supplementary Fig. S7, Supplementary Table S3-S4). In addition, shift
mutated loci showed a stronger epitope focus in JN.1, with 6/8 loci
located within hot epitope regions in the JN.1 stage (two-sided Fisher
exact test, P = 0.013) compared with 2/5 in the early-Omicron stage
(P = 0.646) (Fig. 3E, blue dotted lines).

Mutations in JN.1 RBD had diverse physicochemical and
structural features

We next examined whether JN.1 variants exhibit distinctive features
at the protein structural level. Since the S protein receptor-binding
domain (RBD) is enriched for fixed mutations (Fig. 3E), we extracted
225 SARS-CoV-2 RBD sequences that reached a > 0.5% global viral
population frequency, for at least one week, during 2020-2025. Accord-
ing to the corresponding variant lineages, these RBD sequences were
assigned to groups JN.1 (n = 88), XBB (n = 38), early-Omicron (n = 70),
pre-Omicron (n = 13), and non-VOC (n = 16) (Supplementary Table S5).

We found that those in JN.1 were more likely to induce substantial
variations in both residue hydropathy and charge than other groups
(Fig. 4A and B). For instance, K356T fixed in JN.1 is associated with a
78.3% increase in hydropathy and 95.5% decrease in charge; N481K and
E484K shifted from neutral to positively charged states, while N450D
and Q493E shifted to negatively charged. We conducted a clustering
analysis based on the hydropathy and charge profiles, and the results
show that the JN.1 were separated from other groups (Fig. 4C and D).

To further assess structural difference, we performed 100 ns molec-
ular dynamics (MD) simulations for ten representative variants each
from JN.1, XBB, and early-Omicron groups, together with one Alpha
variant and three replicates of prototypic strain (Supplementary
Table S6 and Supplementary Fig. S8 for RMSD). Based on the MD tra-
jectories, we obtained residue root mean square fluctuation (RMSF) and
Ca displacement (|AACA|) relative to the prototypic (Fig. 4E and F).
Excluding the N and C termini, the receptor binding motif (RBM,
spanning residues 438 to 506) showed large fluctuations across all
variants. For |ACA|, Omicron variants exhibited consistently higher
fluctuations in RBM than the Alpha and prototypic variants. However,
clustering based on RMSF and | ACA| profiles could not separate JN.1
from other lineages (Fig. 4H and I).

We next extracted the protein structures corresponding to the lowest-
energy conformations from the MD trajectories. Pairwise structural
similarities (TM-scores) among these RBD variants were calculated for a
subsequent multiple structural alignment (MSTA) analysis. However, by
using MSTA, we could not cluster variants by their groups (Fig. 4G). It
might be due to the intrinsic flexibility of the loop-rich RBD. Nonethe-
less, we found that solvent accessible surface area (SASA) based on the
lowest-energy conformations revealed a separation of these variants by
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lineages, and JN.1 variants displayed lineage specific SASA profiles
compared to other lineages (Fig. 4J and K).

Finally, we exhibited hydropathy, charge, and SASA profiles for
representative RBD variants from JN.1, XBB, early-Omicron, and the
prototypic (Fig. 4L-N). Overall, the characteristic JN.1 RBD mutations
tended to increase hydrophilicity (Fig. 4L), prominently at V445H,
L452W, L4558, V483del, and E484K. In terms of charge, JN.1 showed a
diverse change; 5 mutations turned residues from positively charged
states to neutral or negatively charged states, and 7 mutations intro-
duced positive charges (Fig. 4M). For SASA, among RBM residues
evaluated in JN.1, 5 showed decreases and 15 showed increases of more
than 30% relative to the prototypic (total loci in Supplementary Fig. S9).
These changes in surface exposure indicated localized large surface
rearrangements within the RBD for the JN.1.

DISCUSSION

Our large-scale genomic epidemiology analysis provides a compre-
hensive assessment of SARS-CoV-2 fitness evolution from 2020 to 2025.
We found that the emergence of Omicron coincided with a major ac-
celeration in fitness gain and was followed by an overall linear upward
trajectory in lineage fitness. Notably, JN.1 exhibited a significantly
higher rate of fitness increase than early Omicron and XBB lineages,
indicating a second acceleration in fitness gain. During the JN.1 stage,
the S protein accumulated both newly fixed mutations and recurrent
changes at sites that had already fixed different mutations previously.
Furthermore, these newly fixed and shift mutations were preferentially
enriched within antigenic epitope regions of S protein, consistent with
intensified immune-driven selection. Physicochemical profiling and
MD-based structural analyses further showed that JN.1 RBD mutations
were associated with larger residual changes in physicochemical prop-
erties and surface exposure, distinguishing it from other variants. These
findings indicate that JN.1 constitutes a relatively distinct evolutionary
state among currently circulating Omicron lineages.

The shift mutated loci observed in the JN.1 stage, including the
recurrence of P681R in S protein, are particularly noteworthy. As pop-
ulation immunity has accumulated, immune pressure has become a
dominant selective force shaping SARS-CoV-2 evolution. Consistent
with this, Cao et al. reported that convergent mutations increasingly
concentrate at antibody binding sites, especially within the RBD (Cao
et al., 2023). In this context, recurrent changes at previously fixed loci
suggest that SARS-CoV-2 may be entering an evolutionary stage in
which it repeatedly revisits and repurposes mutation loci that were
established earlier, potentially expanding accessible antigenic configu-
rations. This pattern further highlights the importance of elucidating
mutational epistasis and compensatory interactions that can modulate
the functional consequences of such shifts, potentially implying that
mutation accumulation may not directly correspond to fitness (Moulana
et al., 2022).

The fitness estimation in this study is based on genomic epidemi-
ology and lineage frequency dynamics, which quantify realized trans-
mission advantage as a growth-advantage estimate inferred from
changes in lineage frequencies under competition in the population.
These frequency-based methods, such as PyRO (Obermeyer et al., 2022)
and the approach of Li et al. (2023), infer population-level fitness from
lineage frequency dynamics in genomic surveillance data, reflecting the
combined effects of multiple evolutionary and epidemiological drivers.
In contrast, protein- and genome-language-model approaches, such as
CoVFit (Ito et al., 2025) and GIVAL (Jiang et al., 2025), learn sequence
representations to predict fitness-related phenotypes or adaptation po-
tential from sequence alone, enabling early evaluation and prioritization
of newly detected or hypothetical variants. Here, we focus on
frequency-based epidemiological inference to quantify population-level
fitness dynamics. Frequency-based inference and sequence-based pre-
dictors are complementary and offer different perspectives on viral
fitness.
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Fig. 4. Physicochemical and structural features of the RBD. A, B Mean residue hydropathy (A) and charge (B) profiles of viral variants from different lineages. C, D
Two-dimensional projections from principal component analysis (PCA) of hydropathy (C) and charge (D) profiles. E, F Root mean square fluctuation (RMSF, E) and
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residue SASA features. L-N Structural mapping of hydropathy (L), charge (M), and SASA (N) for representative RBD structures from the prototypic strain, early
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Although SARS-CoV-2 continues to circulate and evolve, genomic
surveillance has declined substantially, potentially delaying the early
detection of variants posing increased public health risk. According to
the WHO, as of April 6, 2024, 121 countries had submitted 162,773 JN.1
genomes to GISAID (World Health Organization, 2024). By contrast, as
of June 22, 2025, the newly designated VUM XFG was represented by
only 1648 genomes from 38 countries, and the WHO explicitly noted
low levels of sequencing data (World Health Organization, 2025).
Together with our evidence for accelerated fitness gain during the rise of
JN.1, these observations underscore the need for sustained and suffi-
ciently scaled genomic surveillance to enable timely risk assessment and
response.

This study has several limitations. First, our analyses were performed
at the global scale and did not explicitly model regional heterogeneity.
Reliable inference requires dense sampling, and sequences are dispro-
portionately contributed by a limited number of regions, such as the
United Kingdom and the United States. As a result, global estimates may
be dominated by these well sampled settings and may not fully reflect
evolutionary dynamics in under sampled regions. Second, our hotspot
epitope analysis is based on curated database records and relies on
defined thresholds, which may introduce uncertainty. Moreover,
because host immunity and viral antigenicity coevolve, epitope land-
scapes are dynamic and may not be fully captured by static annotations.
Literature research is also incomplete, as many mutations remain poorly
characterized and experimental validation, particularly of epistasis in-
teractions, is still limited. Third, although MD simulations provide a
widely used approach for comparative structural analysis, they remain
approximations and may not fully recapitulate experimentally deter-
mined structures such as those resolved by cryo-EM. Nevertheless, the
sequence-derived physicochemical trends observed for JN.1 were
consistent and remained evident under clustering analyses.

In sum, our study provides a unified, five-year assessment of SARS-
CoV-2 fitness evolution and highlights the distinct evolutionary profile
of JN.1. These findings underscore the importance of sustained genomic
surveillance, together with timely functional and antigenic character-
ization, to support ongoing risk assessment as SARS-CoV-2 continues to
adapt.

CONCLUSIONS

In conclusion, our analysis of 15.23 million SARS-CoV-2 genomes
from December 2019 to May 2025 provides a comprehensive view of
the long-term fitness evolution of SARS-CoV-2. We found that lineage
fitness increased approximately linearly from 2021 to 2025, and that
JN.1 marked a second acceleration in fitness gain beyond early Omi-
cron. This transition was accompanied by continued accelerated mu-
tation accumulation in the S protein and by more frequent recurrent
and shifted mutations at previously mutated sites, as well as larger
alterations in physicochemical properties and structural surface expo-
sure within the RBD of JN.1. These findings suggest that JN.1 repre-
sents a relatively distinct evolutionary stage among currently
circulating Omicron lineages and emphasize the importance of sus-
tained genomic surveillance.

MATERIALS AND METHODS
Original genomic epidemiology data

The genomic data and related epidemiological data of SARS-CoV-2
variants were obtained from the Global Initiative on Sharing All Influ-
enza Data (GISAID, https://gisaid.org) on May 3, 2025, including the
information on sampling time, lineages by Pango nomenclature, viral
variants in the metadata file, and amino acid mutations relative to hCoV-
19/Wuhan/WIV04,/2019 (the prototypic SARS-CoV-2 strain, GISAID
accession EPI_ISL_402124, NCBI GenBank accession NC_045512). Met-
adata entries with complete sampling year and annotated lineage
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information were retained, and this resulted in a dataset comprising
15,227,368 entries for further analysis. Among these, 26 major variants
were identified according to the World Health Organization (WHO)
classification, based on characteristics such as transmissibility and
pathogenicity. These major variants were further subdivided into 4182
lineages based on the Pango nomenclature. Since metadata with iden-
tical lineage labels were occasionally assigned to different variant
groups, such ambiguities were resolved by counting the occurrence of
each lineage under all variants and assigning it to the variant with the
highest frequency.

Distribution of lineages and mutations

Based on the screened genomic and epidemiological dataset, we
constructed a two dimensional tensor to represent lineage prevalence
over time. Lineage counts were aggregated in 7-day bins from December
30, 2019 to May 3, 2025. This yielded a prevalence spectrum consisting
of 277 time bins and counts for 4182 lineages globally. A lineage was
considered prevalent within a given bin if it accounted for > 0.5% of all
samples collected in that bin.

To quantify the distribution of amino acid mutations within each
lineage across genes, we constructed a two dimensional tensor referred
to as the mutational spectrum. In order to decrease the potential impact
of low-frequency mutations on reflecting the characterization of line-
ages, the amino acid mutations whose frequencies were < 20% in all
lineages were disregarded. The resulting mutational spectrum captured
the distribution of 6012 mutations of all SARS-CoV-2 genes across 4182
lineages. Spectrum values were defined as the within-lineage frequency.

Fitness evaluation of lineages

We estimated lineage fitness using PyRO, a model proposed by
Obermeyer et al. (2022). PyRO is a hierarchical Bayesian multinomial
logistic regression framework that utilizes the global spatiotemporal
distribution of SARS-CoV-2 genomes and estimates lineage specific
growth advantages relative to a reference lineage by variational infer-
ence. In this study, we focused on global growth rates to capture broad
evolutionary trends while reducing sensitivity to geographic
heterogeneity.

According to the fundamental theorem of natural selection (Crow,
2017), the variation of genotype frequencies follows a logistic curve, and
the fitness of the genotypes are defined as the growth rate parameters.
PyRO models the relative frequency of lineage L at time T as:

Py = softmax(ay + f, X T)

where Pry is the relative frequency of lineage L at time T, oy, represents
its baseline prevalence, and f; denotes its fitness. The SoftMax function
was defined as softmax(x;) = exp(x;)/sum(exp(x;)), where x; equals (a +
p x T) in PyRO, i indexes a given lineage and n is the number of all
lineages.

Regression analysis and growth rate comparison

To quantify temporal increases in amino acid mutation counts and
relative fitness across variants, we fitted separate Huber regression
models that reduce sensitivity to outliers. We performed 100 resampling
iterations, each time randomly selecting 50% of observations within
each time bin, and reported the mean fitted slope to obtain stable within-
variant growth rate estimates. For fitness estimation, we additionally
used a weighted Huber regression with weights proportional to the
number of submissions, so that more representative lineages contributed
more strongly to model fitting.

To assess whether growth rates differed significantly among variants,
we fitted a robust linear model using Huber regression and included
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interaction terms between the continuous time variable t and the variant
group. The model was specified as:

Yi=Po+ /it + Z}/i - variant; + Z&i(t X variant;)

where y; denotes the response at time t, defined as the mutation count or
relative fitness for the reference variant, and variants are indicator
variables for non-reference variants. In this parameterization, ; repre-
sents the growth rate of the reference variant, y; captures variant-specific
intercept shifts relative to the reference, and §; is the coefficient of the
time-by-variant interaction term that quantifies the difference in growth
rate between variant; and the reference. We alternated the reference
variant across model fits and evaluated the statistical significance of
growth rate differences using the P values of the corresponding inter-
action terms.

Epitope annotation from Immune Epitope Database

We integrated experimentally validated epitope annotations from
the Immune Epitope Database (IEDB, https://www.iedb.org) (Vita et al.,
2025). Linear epitopes specific to the SARS-CoV-2 S protein were
retrieved on June 12, 2025, yielding 5033 records. Each record provided
the start and end amino acid positions of an epitope on S protein, derived
from T cell or B cell epitope mapping studies.

To quantify epitope density along S protein, we counted, for each
amino acid position (1-1273), the number of records in which the po-
sition fell within an annotated epitope interval and normalized this
count by the total number of records to reduce redundancy and sampling
bias. Loci with normalized epitope frequency exceeding a predefined
threshold p were designated as hot epitope regions. We used p = 0.014
for Fig. 3, and results under alternative thresholds are shown in Sup-
plementary Fig. S10. We evaluated multiple threshold values and
assessed enrichment of mutations within hot epitope regions using a
Fisher exact test (Supplementary Fig. S7 and S10).

Structural and physicochemical characterization of RBD variants

All RBD sequences that reached a weekly global population fre-
quency > 0.5% between 2020 and 2025 were aligned to the prototypic
reference (position 319 to 541 in S protein), and further analyses were
carried out using reference numbering. Per-residue hydropathy profiles
were obtained by mapping each aligned amino acid to the Kyte-Doolittle
hydropathy scale, and per-residue charge profiles were defined using a
simplified side-chain charge scheme at physiological pH (Asp/Glu = —1,
Lys/Arg = +1, His = 0.5, all other residues = 0). For each clade, per-
position mean hydropathy and charge were calculated across all se-
quences. These profiles were also assembled into matrices, standardized,
and subjected to dimensionality reduction (PCA, UMAP, and t-SNE) for
clustering analyses.

To assess structural consequences, starting from the prototypic RBD
structure (PDB accession 6MO0J), lineage-defining mutations of 34
representative variants were introduced using PyRosetta with side-chain
repacking and local energy minimization while constraining the back-
bone. The resulting models were used as starting structures for 100-ns
MD simulations in explicit solvent with GROMACS, using the
CHARMM36 m force field and the TIP3P water model. After standard
energy minimization and equilibration, 100-ns production trajectories
were generated for each variant. Trajectories were aligned to the pro-
totypic RBD using Ca atoms, and per-residue RMSF was computed from
the production runs, while the lowest-energy conformation from each
trajectory was extracted for subsequent analyses. Per-residue backbone
displacements |/\CA| were calculated as the Euclidean distance be-
tween corresponding Co atoms. SASA was computed on the lowest-
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energy conformations using the Shrake-Rupley algorithm with a 1.4 A
probe, and per-residue SASA was obtained by summing over atoms in
each residue.

For visualization, clade-wise mean hydropathy, charge, and SASA
values were mapped to representative RBD structures from the proto-
typic, early-Omicron, XBB, and JN.1 groups, and colored in PyMOL to
depict position-specific physicochemical changes on the RBD surface.
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