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A deep mutational scanning-informed 
protein language model predicts SARS-CoV-2 
evolution dynamics with spatiotemporal 
resolution
 

Sijie Yang    1,2,3,5, Xiaowei Luo2,5, Jiejian Luo2, Fanchong Jian    1,4   & 
Yunlong Cao    1,2,3,4 

Early identification of emerging dominant variants of pathogens such as 
SARS-CoV-2 is important for effective public health responses, yet existing 
approaches are not feasible for real-time surveillance. Here we introduce 
DeepCoV (DMS-Empowered Evolution Prediction of CoronaVirus), a 
deep-learning framework for the dynamic identification of emerging variants 
with high potential to become prevalent at spatiotemporal resolution. It 
integrates deep mutational scanning (DMS)-derived mutation phenotypes, 
evolutionary sequence data and epidemiological surveillance data reflecting 
human immune pressures. Benchmarked against logistic regression-based 
methods and representative deep-learning approaches in simulated 
retrospective surveillance scenarios, DeepCoV accurately forecasts the 
dominance of recently circulating lineages a month in advance, achieving a 
90% reduction in false discovery rate while capturing temporal and geographic 
dynamics of variant spread and reconstructing their regional prevalence 
trajectories. It also identified mutational hotspots of Omicron-derived 
backbones in silico, revealing convergent evolution trends. This provides a 
scalable framework for timely identification of immune-evasive variants and 
critical mutations, providing actionable insights.

The evolutionary arms race between pathogens and human immu-
nity necessitates proactive surveillance of emerging variants1–3. For 
rapidly evolving viruses such as SARS-CoV-2, early identification 
of high-growth lineages is essential to pandemic resilience, ena-
bling timely updates to vaccines and informing the development of 
antibody-based therapeutics.

Although high-throughput experimental approaches such as deep 
mutational scanning (DMS) can generate valuable data and insights 
into the functional impact of individual mutations, their substantial 

resource requirements restrict their application for continuous 
surveillance4–9. Moreover, DMS-based methods are inherently inca-
pable of capturing the evolutionary dynamics of full viral sequences 
within populations, as they typically probe only a subdomain of the 
full spike protein or a restricted set of mutations, and face challenges 
in modelling epistatic interactions, given the prohibitively large muta-
tional combinatorial space9,10. These methods proved critical early in 
the COVID-19 pandemic but have become increasingly impractical 
(Table 1 and Table 2).
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models fail to capture the dynamic viral fitness landscape under the 
co-evolution of host immune pressures, frequently underperform-
ing compared to even simple linear growth advantage estimators in 
real-world predictive applications.

Despite recent progress, a major challenge remains in jointly 
capturing the spatiotemporal dynamic fitness landscape for viral 
evolution under evolving population immune pressures. Even within 
the same lineage, transmission advantages may diverge substantially 
across regions and time with distinct immune history. Meanwhile, DMS 
has been underutilized for predictive purposes, and most applications 
have remained descriptive, focusing on characterizing escape muta-
tions rather than integrating functional data into dynamic evolutionary 
modelling4–7,9.

To bridge this gap, we developed DeepCoV (DMS-Empowered 
Evolution Prediction of CoronaVirus), a predictive framework that 
integrates DMS-derived functional phenotypes, evolutionary sequence 
information and epidemiological data indirectly reflecting immune 
pressures in human populations. By leveraging Transformer-based 
architectures, DeepCoV learns the mechanistic relationships between 
mutation effects and variant fitness while incorporating background 
epidemiological data and related sequences with pretrained pro-
tein language models to model viral evolution at spatiotemporal 
resolution3,22,23. Collectively, DeepCoV provides a scalable and biologi-
cally grounded framework for forecasting SARS-CoV-2 evolutionary 
trajectories, thereby enhancing timely public health interventions.

Results
DeepCoV architecture
Accurately forecasting the evolutionary dynamics of SARS-CoV-2 
requires integrating information that reflects both the intrinsic viral 
fitness for infection and transmission, and the impacts of population 
immune pressure. We designed DeepCoV, a deep-learning framework 
that predicts the future prevalence of any SARS-CoV-2 Spike or recep-
tor binding domain (RBD) variant, leveraging three complementary 
data collected during months before the time of prediction: (1) mul-
tiple sequence alignment (MSA) of viral antigen sequences including 
the variant for prediction and other co-circulating strains compet-
ing within the same environment; (2) the proportions of the above 
strains since 180 days before the day of prediction, capturing recent 
viral fitness evolution with the population-level immunity and selec-
tive pressure considered implicitly, and endowing the model with 
the ability to learn the spatiotemporal dynamics of variant circula-
tion. We emphasize that population-level immune pressures in this 
study are indirectly inferred from historical prevalence dynamics, 
which reflect the combined effects of host immunity, viral fitness and 
short-term epidemiological trends; and (3) DMS-derived functional 
mutation phenotypes quantifying the impacts on virological charac-
teristics, thereby grounding the model in experimentally validated 
datasets and molecular mechanisms (Fig. 1 and Extended Data Fig. 1). 

Statistical models based on sequence frequency dynamics, such as 
linear growth advantage estimation, offer alternative tools for inferring 
variant fitness directly based on epidemiological surveillance11. How-
ever, their predictive reliability deteriorates under data-sparse condi-
tions, especially during the early stage of novel lineage emergence and 
in the post-pandemic period, when sequencing efforts have markedly 
decreased. More sophisticated frameworks, including EpiScore and 
PyR0, incorporate evolutionary constraints by modelling sequence 
prevalence over time12,13. However, they often struggle to pinpoint 
the most prevalent circulating strains. Without sequence informa-
tion, such epidemiological analyses remain largely phenomenologi-
cal and offer limited mechanistic insight into why certain variants 
rise to dominance while others fade. Meanwhile, reliably capturing 
sequence-level features remains inherently challenging for statistical 
approaches. More recently, a dynamic immune landscape framework 
integrated past lineage dynamics, immune waning and DMS data within 
an explicit biophysical model to characterize immune-mediated selec-
tion3. While this approach offers strong mechanistic interpretability, 
relying solely on limited DMS profiles is often insufficient to capture the 
full complexity and evolving nature of population-level immune pres-
sure. Furthermore, the lack of full-sequence context or higher-order 
epistasis modelling limits scalability as viral diversity expands.

Artificial intelligence (AI)-based methods have thus emerged as 
promising tools for forecasting viral evolution13–19. AI-based approaches 
can overcome the combinatorial explosion arising from multiple muta-
tions within viral sequences and enable the integrated learning of large, 
diverse strain sets, including capturing amino acid sequence evolution-
ary patterns. However, existing models remain limited in their ability 
to prospectively identify emerging dominant variants with sufficient 
accuracy. Recent work such as CovTransformer has also explored 
direct forecasting of SARS-CoV-2 lineage dynamics from epidemio-
logical time series using Transformer-based models. CovTransformer 
demonstrated that such architectures can robustly model noisy line-
age frequency trajectories and improve short-term extrapolation of 
observed Pango lineages20. However, because these approaches oper-
ate purely on aggregated prevalence signals, they remain inherently 
retrospective and do not incorporate sequence-level constraints or 
enable prospective assessment of unobserved variants. Viral protein 
sequence or structure-based approaches such as EVEscape (variational 
autoencoder based) and TEMPO (Transformer-based) exhibit strong 
representational capacity but typically overlook functional data, par-
ticularly experimentally derived measurements of antibody escape 
and other virological phenotypes captured through DMS14,19. Methods 
such as E2VD and CoVFit have advanced by leveraging mutational 
phenotypes, but they still often neglect the dynamic host immune 
context, which is critical for capturing the spatiotemporal dimen-
sions of viral transmission18,21. Moreover, most current computational 

Table 1 | Hyperparameters of DeepCoV for 
JN.1-era prediction

Hyperparameter Value

Optimizer AdamW

Warm-up steps 300

Learning rate 0.0001

Weight decay 0.01

Batch size 5

Early stop patience 10

Number of axial attention layers 3

Number of transformer encoder layers 2

Number of LSTM layers 2

Number of total trainable parameters 15.66 million

Table 2 | Hyperparameters of Spike model

Hyperparameter Value

Optimizer AdamW

Warm-up steps 300

Learning rate 0.0001

Weight decay 0.01

Batch size 5

Early stop patience 3

Number of axial attention layers 3

Number of transformer encoder layers 2

Number of LSTM layers 2
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For sequence modelling, we implemented an evolutionary module 
using the pretrained ESM-MSA-1b model, which learns evolutionary 
constraints from MSA24. To incorporate temporal dynamics, the histori-
cal proportion embedder employs a long short-term memory (LSTM) 
network to model prevalence trajectories over a sliding window span-
ning 180 days25. These sequence and prevalence representations are 
concatenated and passed through an axial-attention module to cap-
ture residue-prevalence dependencies22. This architecture inherently 
encodes population-level immune histories by integrating background 
sequence context and prevalence dynamics, reflecting how previous 
infections and vaccinations shape the viral fitness landscape. Finally, 
the DMS embedder incorporates quantitative mutational phenotypes, 
including antibody escape, human antisera evasion, ACE2 binding 
affinity and protein expression, offering mechanistic insights into 
variant viability and transmissibility4–9,26–32. By integrating these het-
erogeneous data streams, DeepCoV learns how individual amino acid 
substitutions and their functional consequences translate into shifts 
in population-level prevalence, thereby linking molecular evolution 
with epidemiological outcomes. This unified representation enables 
the model to infer variant fitness, anticipate lineage competition out-
comes, and forecast regional prevalence trends over future time win-
dows. Finally, DeepCoV is expected to predict the future proportion of 
a certain strain at any timepoint, with the sequences of itself and other 
co-circulating strains, their historical proportions, and the impacts of 
mutations carried by the strain from DMS as inputs.

DeepCoV accurately predicts predominant variants
We first evaluated DeepCoV for the early identification of emerging 
dominant JN.1 variants using a retrospective approach. Specifically, 
the model was trained exclusively on epidemiological records and 
RBD sequences collected before October 2023, along with DMS pro-
files generated before the emergence of JN.1 lineage (Fig. 2a). To pri-
oritize biologically meaningful dynamics and mitigate the severe class 
imbalance caused by abundant low-frequency variants, training was 
restricted to lineages exceeding 0.5% frequency on at least 1 day within 
the t1 interval. In addition, cluster-based train/validation splitting was 
applied to prevent temporal leakage.

DeepCoV demonstrated high predictive capacity, evidenced by 
a strong correlation (Pearson’s r = 0.969, Fig. 2b; Pearson’s r = 0.893 

for Δprevalence, Supplementary Fig. 1a) for historically dominant 
lineages. We systematically compared DeepCoV with the conventional 
growth advantage fitting method and state-of-the-art models E2VD 
and EVEscape, as well as multinomial logistic regression (MLR) to 
evaluate their performance in meeting real-world pandemic surveil-
lance requirement14,21,33. We first assessed how early these methods 
could correctly prioritize the known dominant variants ( JN.1, KP.2 
and KP.3) among the top predicted lineages. DeepCoV uniquely iden-
tified JN.1, KP.2 and KP.3 as top dominance candidates among all the 
RBD sequences that appeared since October 2023, well ahead of their 
observed dominance. In contrast, EVEscape successfully predicted 
only KP.2, and E2VD failed to detect any of the dominant variants. The 
MLR model predicted KP.2 and KP.3 well but failed to anticipate the 
emergence of JN.1. Moreover, growth-advantage-based approaches 
consistently identified dominant variants later than DeepCoV, indi-
cating a reduced capacity for early and stable detection of emerging 
dominant lineages (Fig. 2c).

Detailed benchmarking across different numbers of top-ranked 
predicted variants confirmed DeepCoV’s superior ability to identify 
emerging dominant lineages. To comprehensively assess predictive 
performance, we evaluated whether the model could identify the 
dominant lineage within its top-k predictions. For the time-resolved 
ground truth, we evaluated two metrics across timepoints: the success 
rate of top-1 versus top-k prediction, and the Jaccard index between 
the top-k predicted and the top-3/top-5 observed ground-truth vari-
ants (Fig. 2d,e and Extended Data Fig. 2). The results indicated that 
our model consistently outperformed baseline methods, especially 
at lower k thresholds (Fig. 2e,f and Extended Data Fig. 2). For both 
top-3 versus top-3 and top-5 versus top-5 comparison, DeepCoV suc-
cessfully identified most major variants; in contrast, MLR incorrectly 
prioritized non-dominant strains such as JN.1 + K403R and JN.1 + S408R, 
and other methods achieved at most two overlapping variants (Fig. 2d 
and Supplementary Fig. 2).

To investigate the contributions of individual model components 
and biological data modalities, we performed systematic ablation 
studies. Four model variants were constructed by selectively excluding 
key information: (1) evolutionary–epidemiological context, retaining 
only sequence and prevalence data; (2) DMS phenotypes, preserving 
sequence and immune trend inputs and replacing DMS module with 
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Fig. 1 | Overview of model architecture and predictive applications. The 
DeepCoV framework integrates (i) MSAs of target variants and co-circulating 
background strains, (ii) historical lineage prevalence over the preceding 
180 days and (iii) DMS-derived mutational phenotypes to predict future variant 
prevalence. Model outputs are prospective dominance predictions at a future 

timepoint t1, which is set to t0 + 30 days for model training and evaluation in 
this study, enabling early identification of emerging variants, spatiotemporal 
trajectory reconstruction and in silico hotspot analysis. The emergence date of 
JN.1 is defined as the earliest date on which the number of JN.1 RBD sequences 
exceeds 10.
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linear layers; and (3) evolutionary sequence context, replaced by ESM-2 
embeddings to isolate the effect of evolutionary modelling. Removal 
of any individual module resulted in a marked decrease in predic-
tive performance (Fig. 2g,h and Extended Data Fig. 3). Both the DMS 
and evolutionary–epidemiological context modules were critical for 
accurately detecting dominant strains, substantially reducing false dis-
covery rate (FDR) while maintaining recall. Moreover, eliminating the 
proportion or ESM-MSA-1b modules rendered the model incapable of 
training. Together, these results highlight the essential and collabora-
tive contributions of background immune landscape dynamics, evolu-
tionary sequence context, historical prevalence trends and functional 
mutational phenotypes to the overall predictive capacity of DeepCoV.

DeepCoV captures variant spatiotemporal dynamics
Beyond accurate early variant identification, DeepCoV effectively 
captures the spatiotemporal dynamics of SARS-CoV-2 variant spread, 
demonstrating substantial improvements over existing methodologies. 
We further reconstructed the evolutionary trajectories of dominant 
SARS-CoV-2 variants with high temporal resolution using DeepCoV. 
The model effectively captured the full expansion and decline cycles of 
major JN.1 clades, maintaining stable predictive accuracy throughout 
the JN.1-dominant period (Fig. 3a). DeepCoV maintained consistently 
high precision over time, with major strain predictions showing slightly 
larger but acceptable fluctuations (mean absolute error (MAE) < 0.1; 
root mean square error (RMSE) < 0.15) (Extended Data Fig. 4). Notably, 
our prospective forecasts anticipated observed dynamics, success-
fully tracking the turnover of dominant variants. Although the model 
occasionally yielded conservative estimates of peak magnitude dur-
ing rapid epidemiological shifts, it outperformed the MLR baseline in 
signal reliability. Specifically, DeepCoV effectively mitigated spurious 
growth signals, such as the false expansion of JN.1 + ins483V + K484E 
reversion predicted by MLR (Supplementary Figs. 3 and 4). Quantita-
tive evaluation confirmed DeepCoV’s superior performance, dem-
onstrating lower reconstruction error and greater temporal stability 
(Supplementary Fig. 5).

Importantly, DeepCoV demonstrated sensitivity to subtle early 
growth signals, successfully forecasting the rise of dominant vari-
ants even from low initial prevalence (<5%). Notably, despite differing 
from its ancestral BA.2.86 lineage by only a single RBD substitution 
(L455S), the rapid rise of JN.1 was correctly captured by DeepCoV as the 
dominant variant. This highlights DeepCoV’s capacity to distinguish 
variants with minimal genetic differences but markedly divergent epi-
demiological trajectories, underscoring its sensitivity to functionally 
meaningful mutations. In addition to major lineages, the model faith-
fully reconstructed the growth trajectories of subdominant variants 
such as JN.1 + F456L and JN.1 + R346T, as well as high-growth-advantage 
but ultimately low-prevalence lineages including JN.1 + K403R and 

JN.1 + N417K (Extended Data Fig. 5). DeepCoV also showed high speci-
ficity in handling non-dominant variants, with predicted peak preva-
lence consistently remaining below 3%. These findings underscore the 
model’s utility for monitoring fine-scale viral evolution and guiding 
timely public health responses, including vaccine strain selection.

By intrinsically incorporating region-specific prevalence dynam-
ics that reflect inferred immune landscapes, DeepCoV successfully 
captures geographically distinct transmission patterns. The model 
accurately reconstructed intercontinental divergence patterns, clearly 
capturing the sequential emergence of KP.2 from Europe to North 
America and subsequently Asia (Fig. 3d). It also correctly identified 
elevated prevalence of variants such as BQ.1.1 and XBB in Western popu-
lations relative to Asia while highlighting the regional dominance of 
HK.3 in Asia, reflecting regional differences in pandemic responses and 
immune imprinting. Although other models may account for temporal 
factors, DeepCoV uniquely combines spatiotemporal resolution with 
proactive forecasting and quantitatively validated accuracy, offering 
improved interpretability in complex epidemiological settings.

Ablated models were further assessed on growth trajectory recon-
struction (Fig. 3e). The ‘no-DMS’ variant erroneously overestimated the 
growth advantage of BA.2.86 + K478E, underscoring the essential role 
of the DMS module in mitigating false positives. Moreover, removing 
any single module eliminated early prediction of KP.2, indicating that 
complementary signals from multiple modules are required to support 
the model’s overall performance.

In silico mutational hotspot scanning
Leveraging DeepCoV’s ability to capture evolutionary dynamics at 
single-mutation resolution, we conducted analysis to in silico identify 
mutational hotspots within the SARS-CoV-2 RBD, to understand driving 
forces behind immune escape mutations during convergent evolution. 
We computationally generated all possible single-site RBD mutants for 
representative convergent lineages, including JN.1 and XBB variants, 
and applied models trained on temporally matched datasets from the 
respective JN.1 or XBB eras. By predicting time-resolved evolutionary 
scores for each mutation, we dynamically mapped site-specific evolu-
tionary pressure and identified candidate hotspots likely to contribute 
to future adaptation (Fig. 4a).

Our analysis successfully identified mutational hotspots R346T 
and F456L in JN.1, which later became defining mutations in emerg-
ing strains such as KP.2 before their prevalence reached 5% (ref. 34) 
(Fig. 4c). As expected, sites such as 403, overestimated by DMS-based 
assays, did not exhibit notable predicted evolutionary potential. 
Similarly, DeepCoV accurately identified key mutational hotspots 
associated with subsequent variant dominance, including the S486P 
substitution, followed by F456L and L455F mutations within the XBB 
lineage35–37. These predictions accurately forecasted the sequential 

Fig. 2 | Accurate early detection of predominant strains by DeepCoV.  
a, Dataset construction. Training sequences were collected before 1 October 
2023, including variants that exceeded 0.5% prevalence for at least 1 day during 
the follow-up period. Validation sets were generated using cluster-based 
sampling at a 1:10 ratio to minimize temporal data leakage. b, Scatterplot 
comparing predicted versus observed variant frequencies at the evaluation 
timepoint (t1). Each point represents a unique RBD variant, coloured by lineage. 
Predictions were generated using only information available before t0.  
c, Timeline of prediction milestones for DeepCoV and baseline methods (E2VD, 
EVEscape, growth advantage and MLR), showing the performance (ranking 
reaching top 3 or top 10) for known dominant variants JN.1, KP.2 and KP.3. 
Actual emergence events, such as ≥10 sequences, growth advantage >30% and 
prevalence >20%, are labelled as reference points. For E2VD and EVEscape, 
rankings include variants with sequences appearing within a 2-month window. 
Solid circles and lines denote successful predictions; dashed lines with crosses 
(×) denote failures (inability to rank dominant variants highly before the 
>20% true prevalence window, shaded grey). d, Representative comparisons 
of top-k predicted and observed dominant variants at selected timepoints. 

Venn diagrams show overlap between the predicted and observed top-k RBD 
variants for k = 3 (left; 6 March 2024, predicted 30 days in advance) and k = 5 
(right; 27 March 2024). Predictions from DeepCoV, MLR, EVEscap and E2VD are 
compared against the corresponding observed sets. Variant labels indicate RBD 
lineage with key escape mutations. e,f, Top-k prediction performance over time. 
Performance of DeepCoV (red), MLR (purple), EVEscape (orange), E2VD (blue) 
and growth advantage (green). e, Success rate for identifying the top predicted 
dominant variant across varying k values. f, Jaccard index for the top-3 predicted 
variants across different k values; error bars denote ±1 s.e.m. across independent 
evaluation timepoints (n = 351). Each timepoint represents an independent 
prediction analysis on distinct variant datasets. g,h, Ablation analysis. g, Mean 
overlap ratio ( Jaccard index) for top-3 predictions across varying k values. h, FDR 
and recall when k = 15 for the top 10 circulating variants prediction during the 
JN.1 period. Error bars denote ±1 s.e.m. across evaluation timepoints (n = 351). 
The top 10 true circulating variants include JN.1, KP.2, KP.3, HK.3, JN.1 + R346T, 
JN.1 + F456L, HK.3 + A475V, KP.2 + G482V + K484E, KP.2 + L456V + K478T and 
KP.2 + ins483V + K484E. Each timepoint represents an independent prediction 
analysis on distinct variant datasets.
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‘FLip’ mutation (F456L + L455F) wave, reflecting real-world evolution-
ary trajectories. Importantly, DeepCoV identified these mutation pat-
terns ahead of widespread detection; for instance, the S486P hotspot 
could be predicted before XBB.1.5 (XBB + S486P) became detectable in 
global sequencing data (Fig. 4b). Subsequently, the emergence of F456L 
and ‘FLip’ were identified in early evolutionary stages of variants such 
as EG.5 and HK.3. Comparison of hotspot-carrying strain proportions 
between the prediction and peak phases revealed that other hotspots 
were likewise detectable at early stages of variant emergence, before 
their subsequent expansion to peak prevalence (Supplementary Fig. 6). 
Moreover, well before the emergence of HV.1 (EG.5 + L452R), the L452 
hotspot could already be identified in the EG.5 background through in 
silico mutational scanning (Supplementary Fig. 7). Our findings demon-
strate that DeepCoV effectively captures intrinsic residue-level drivers 
of evolutionary convergence. By combining temporal modelling of 
mutation phenotypes with sequence-based predictions, our approach 
mirrors the functional resolution provided by DMS experiments but 
with added temporal insights into mutation dynamics.

We further assessed the contribution of individual modules to JN.1 
mutational hotspot detection and forecasting of future evolutionary 

trajectories (Extended Data Fig. 6). All ablated model variants exhibited 
a pronounced loss of hotspot discrimination, with only the F456L muta-
tion detected in the ‘no-DMS’ model, probably reflecting previous selec-
tion signals from lineages such as XBB where F456L conferred marked 
escape potential. Collectively, these complementary modules act syn-
ergistically to support reliable prediction of future mutational trends.

DeepCoV generalizes to future SARS-CoV-2 evolution
Recently, increased immune pressure on the spike protein’s N-terminal 
domain (NTD), which facilitates viral entry, has led to elevated muta-
tional activity, establishing it as a secondary hotspot of adaptive 
evolution38–40. Variants such as XEC (T22N/F59S) and KP.3.1.1 (S31del) 
exemplify this trend, reflecting evolving selective pressures shaping 
SARS-CoV-2’s immune escape mechanisms34,41–43. To capture the evo-
lutionary shift, we trained DeepCoV on full spike sequences while pre-
serving the model architecture (Extended Data Fig. 7). Considering that 
most DMS measurements outside the RBD region are unavailable, the 
updated model excluded the DMS module. The effect of removing this 
component could be partially compensated by the expanded number 
of spike sequences incorporated into the training data.
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Fig. 3 | DeepCoV captures temporal dynamics and geographic variation in 
SARS-CoV-2 spread. a, Growth trajectory reconstruction. Weekly aggregated 
temporal dynamics comparing predicted (dashed lines, proportion at t1 
predicted from t0) versus actual prevalence (solid lines, observed at t0). 
Shaded regions represent mean ± s.d. Predictions are generated using a rolling 
forecasting strategy, in which the prediction timepoint t0 is advanced week by 

week. At each t0, the model forecasts variant prevalence at t1 = t0 + 30 days using 
only information available before t0. b, Regional prevalence patterns across 
Asia, Europe and North America. Predicted (dashed lines) and observed (solid 
lines) variant proportions were aggregated weekly. c, Ablation study on growth 
trajectory reconstruction for BA.2.86 + K478E and KP.2. The black line indicates 
the full model and the coloured lines represent the ablated variants.
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The refined approach maintained excellent prediction accu-
racy and consistently low FDR for dominant variants. Moreover, the 
updated model robustly reconstructed the evolutionary trajectories 
of complex variants such as KP.2.3 (KP.2 + S31del + H146Q) and KP.3.1.1 
(KP.3 + S31del), demonstrating strong generalizability. In addition, in 
silico mutational scanning of NTD successfully identified S31del as 
a potential immune escape mutation, which had been suggested to 
enhance immune escape through allosteric modulation of RBD–anti-
body interactions mediated by additional NTD glycosylation34. These 
results underscore DeepCoV’s robust capability to generalize to previ-
ously underrepresented structural domains and highlight its utility in 
modelling future evolutionary adaptations.

We updated the test dataset until May 2025 to evaluate Deep-
CoV’s performance against recently emergent strains, including 
LP.8 and KP.3 + A435S whose peak prevalence exceeded 10% globally. 
The model maintained high accuracy (Pearson’s r = 0.968; Fig. 5b), 

accurately forecasting LP.8 emergence and continuing to perform 
well on expanded lineages such as JN.1, KP.2 and KP.3. This predictive 
accuracy remained robust (Pearson’s r = 0.79) even after accounting 
for temporal dependency by analysing prevalence changes rather 
than absolute values (Supplementary Fig. 1b). In comparison, MLR 
systematically overestimates the future prevalence of NB.1.8.1 at 
the global scale (Supplementary Fig. 8). Retrospective in silico 
mutational scanning of KP.3 and LF.7 revealed early detection of 
future-dominant mutations (Fig. 5a,d). Notably, A435S was identified 
as a prominent hotspot ~1 month before the widespread emergence 
of KP.3 + A435S, while residue 475, harboured by the later-emerging 
LF.7.2.1 strain, was similarly highlighted during pre-emergence scans. 
Furthermore, DeepCoV captured the geographic skew of NB.1.8.1, 
accurately pinpointing its elevated prevalence in Asia5 (Fig. 5c). 
Together, these findings demonstrate DeepCoV’s continued ability 
to anticipate the emergence and geographic distribution of newly 
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arising variants and mutational hotspots, even beyond its original 
training horizon.

Discussion
One of the major challenges in SARS-CoV-2 surveillance and vaccine 
design lies in both the timely identification of emerging dominant 
variants after their emergence and the anticipation of high-risk muta-
tions before they arise. To address this, we developed DeepCoV, a com-
putational framework that integrates key evolutionary drivers—viral 
MSA patterns, mutational phenotypes from DMS and epidemiological 
data reflecting historical immune pressures—to effectively predict 
SARS-CoV-2 variant prevalence. DeepCoV employs the ESM-MSA-1b to 
capture evolutionary constraints from sequence alignments, integrates 
DMS-derived phenotypic data through Transformer-based modules, 
and models temporal epidemiological trends using LSTM networks. By 
integrating these evolutionary features and by formulating the training 
objective to emphasize early prediction of dominant strains, DeepCoV 
achieves markedly lower FDR and reliably identifies dominant variants 
ahead of conventional surveillance methods. Moreover, it captures 
global and regional variant prevalence trajectories and successfully 
predicts evolutionary mutational hotspots in different dominant 
strain eras. DeepCoV captures regional prevalence variations, such 
as for NB.1.8.1, reflecting immune selection at the Class 1 escape site 
residue 487, which highlights the value of DMS data for local immune 
profiling44,45. Ultimately, DeepCoV offers an early warning system that 
enhances public health preparedness by supporting timely policy deci-
sions, optimizing vaccine strategies and guiding surveillance efforts.

Despite its strengths, DeepCoV has several limitations. Limited 
DMS data outside the RBD and inherent sequencing errors in epide-
miological datasets may constrain predictive performance. Moreover, 
our model does not explicitly capture epistatic effects; incorporat-
ing combinatorial mutations could improve representation of these 

interactions5,7,10,26. Future refinements might also integrate additional 
data modalities, such as structural protein information, to further 
enhance predictive accuracy and generalizability30,40. Meanwhile, 
while DeepCoV indirectly reflects population-level immunity through 
prevalence, it simplifies the evolving immune landscape. Future in 
silico virus–immunity co-evolution models that jointly learn viral 
antigenicity and host immune adaptation may offer a more mechanistic 
understanding of immune-driven viral evolution. Finally, the reliability 
of DeepCoV’s predictions is influenced by the breadth and representa-
tiveness of available sequence prevalence data, highlighting the value 
of continued global genomic surveillance.

In conclusion, by integrating comprehensive epidemiological 
and DMS datasets with deep-learning-based protein language mod-
els, DeepCoV unifies evolutionary, functional and epidemiological 
insights to build a reliable platform for the identification and prediction 
of prevalent SARS-CoV-2 strains. The model could be retrained and 
utilized in other fast-evolving epidemic viruses, such as influenza and 
RSV, once corresponding DMS datasets become available. Collectively, 
these innovations establish DeepCoV as a powerful tool for global 
health preparedness, enabling proactive responses to emerging infec-
tious threats and informing timely vaccine and surveillance strategies.

Methods
Data preprocessing
SARS-CoV-2 sequence and epidemiological data preprocessing. 
SARS-CoV-2 viral sequences and related location and date metadata 
were downloaded from GISAID46. For preprocessing, sequences were 
first filtered on the basis of the metadata to include only original human 
spike proteins with complete collection dates and submitted dates 
(YYYY-MM-DD format). After deduplication, sequences were aligned 
to the reference spike proteins using MAFFT47, further filtered to >1,230 
residues and ≤10 non-standard residues, and quality-controlled RBD 
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Fig. 5 | Updating SARS-CoV-2 variant data for future predictions. All 
analyses in this figure are based on an updated test dataset and corresponding 
model incorporating SARS-CoV-2 data up to May 2025, and are presented as a 
generalization evaluation distinct from the primary benchmarking framework.  
a, Growth trajectory reconstruction using the renewed test set. Weekly 
aggregated predictions (dashed lines, t1 inferred from t0) are compared with 
observed prevalence (solid lines, measured at t0). Shaded regions represent 
mean ± s.d for days in a week. b, Pearson’s correlation coefficient of predicted 
versus observed variant frequencies at t1 based on data available at t0, for each 
strain before reaching its peak prevalence. Colours represent different RBD 

lineages. Each point represents a variant, coloured by lineage. c, Predicted 
regional differences in NB.1.8.1 prevalence across Asia, Europe and North 
America. Predicted (dashed) and observed (solid) proportions are aggregated 
weekly. d, Prevalence of site-specific mutations in KP.3 (left, predicted on 
2024–09–27) and LF.7 (right, predicted on 2024–12–01) before the emergence 
of convergent evolution, identifying early mutational hotspots. High-scoring 
hotspot sites are highlighted. Insets: amino acid substitution profiles are shown 
as sequence logos, where the x axis represents the amino acid position and the 
y axis indicates the predicted mutation score; letter heights are proportional to 
their respective scores and colours denote different amino acids.
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regions were extracted without ambiguous residues. The common 
insertions ins214:EPE harboured by BA.1 and ins16:MPLF harboured 
by BA.2.86 substrains were retained in the MSAs. Following quality 
control, 28,837 unique high-quality RBD sequences and 743,737 unique 
high-quality spike sequences were used for subsequent procedures. 
For each unique RBD sequence, cluster index and cluster name were 
assigned for further usage. Unique RBD were renamed according to 
their mutations relative to their parental lineage references: WT, Alpha, 
Beta, Delta, Gamma, Eta, BA.1, BA.2, BA.5, BF.7, BQ.1.1, XBB, XBB.1.5, 
EG.5, HK.3, BA.2.86, JN.1, KP.2 and KP.3 (Extended Data Fig. 8).

Sequence datasets construction and spatiotemporal stratification. 
We constructed sequence datasets annotated with spatiotemporal 
metadata as follows. We computed the count of each unique RBD 
and the total counts in each region per day. To ensure data stabil-
ity and reliability, we restricted the analysis to the global total and 
six representative regions: North America, Europe, Asia, USA, the 
United Kingdom and Japan, while excluding unique RBD with fewer 
than 30 total sequences locally. To mitigate high-frequency noise on 
sequencing day-level variability, we performed 7-day window smooth-
ing on the sequence counts. For efficient indexing and aggregation, we 
constructed enumerators to map each collection date, country and 
continent into index spaces, allowing matrix-based count operations.

We constructed spatiotemporal stratified training and validation 
datasets for variant prevalence modelling as follows. For each spati-
otemporal triplet (location, sequence, t0), background clusters in the 
past 180 days (from t0−180d to  t0) were used to indicate immunologi-
cal pressure. Each candidate (location, sequence) pair was evaluated 
across all possible t0 dates using the following inclusion criteria. At time 
t0, the number of distinct background clusters circulating within the 
preceding 180-day window must be ≥16, ensuring sufficient immuno-
logical pressure complexity observation. For a given t0, the model pre-
dicts variant growth 30 days later. To ensure the reliability of prediction 
targets, the cumulative isolate count during the t1 interval was required 
to exceed 100. Data before 1 October 2023 were used for the training 
and validation sets, while data collected afterwards were reserved for 
the test set. To balance training data quality with comprehensive test 
set coverage, we applied stricter filtering and sampling criteria to the 
training data while retaining the test set data as completely as pos-
sible. To balance the number of positive and negative samples in the 
training set and enable the model to better learn the characteristics 
of major strains, we required that at least 1 day within the t1 interval 
exhibit a target cluster ratio above 0.5%. To ensure coverage across 
the pandemic timeline, t0 samples were evenly drawn from 5 time 
bins: 2020.02.01–2021.07.01, 2021.07.01–2022.04.01, 2022.04.01–
2022.12.01, 2022.12.01–2023.05.01 and 2023.05.01–2023.10.01. Given 
the progressive decline in sequencing volumes across regions following 
2023, especially after WHO declaration of the end of the pandemic, 
only global-level sequence counts were included after 1 January 2023 
to maintain data quality standards. The data were further split into 
training and validation sets (90:10 ratio) by stratified random sampling 
on the (location, sequence) level to prevent data leakage. This yielded 
73,081 items for the training and validation sets.

To evaluate the predictive performance of our model on emerging 
SARS-CoV-2 variants, we constructed two types of test set: a compre-
hensive full test set and a curated major-strain-specific test set includ-
ing HK.3, BA.2.86, JN.1, KP.2 and KP.3 RBDs. Both sets were based on 
observations collected after 1 October 2023. The full test set included 
all candidate variants that emerged globally after the training cut-off 
date. There were a total of 741,463 entries in the full test set. Using a 
curated timeline of variant emergence, we assigned each major strain 
a reference start date based on its early documented isolation before 
burst. The full test set emphasizes comprehensive evaluation of overall 
model performance across a wide range of candidate variants, whereas 
the major test set specifically assesses the model’s ability to forecast 

the trajectories of high-priority, globally prevalent lineages and allows 
for detailed, trajectory-level validation of model predictions across 
variants of notable public health relevance.

Preprocessing of deep mutation scanning features. To integrate 
functional mutational data into the DeepCoV framework, we curated 
and standardized multiple DMS datasets from public repositories and 
internal lab sources. We first collected four major classes of DMS data-
sets, including: (1) Spike S protein-mediated entry efficiency and ACE2 
binding affinity (BA.2 and XBB.1.5) (https://github.com/dms-vep/SARS-
CoV-2_Omicron_BA.2_spike_ACE2_binding; https://github.com/dms-
vep/SARS-CoV-2_XBB.1.5_spike_DMS)9; (2) RBD expression and ACE2 
binding data (https://github.com/jbloomlab/SARS2-RBD-escape-calc; 
https://github.com/jbloomlab/SARS2_RBD_Ab_escape_maps; https://
github.com/tstarrlab/SARS-CoV-2-RBD_DMS_Omicron-XBB-BQ; 
https://github.com/tstarrlab/SARS-CoV-2-RBD_DMS_Omicron-EG5-
FLip-BA286)7; (3) serum and monoclonal antibody escape profiles 
including neutralization escape data from XBB.1.5 and Delta (https://
github.com/dms-vep/SARS-CoV-2_Delta_spike_DMS_REGN10933; 
https://github.com/dms-vep/SARS-CoV-2_XBB.1.5_spike_DMS)9; and 
(4) large-scale monoclonal antibody escape data (https://github.com/
yunlongcaolab/convergent_RBD_evolution; https://github.com/yun-
longcaolab/SARS-CoV-2-reinfection-DMS)31,32,48–50. These datasets were 
retrieved from published GitHub repositories or internal laboratory 
directories. Raw DMS data were formatted into consistent tabular 
structures and converted into structured arrays aligned with the refer-
ence Spike protein sequence for downstream model input. Each DMS 
array was indexed along 4–5 axes depending on the dataset: antigen 
(variant background), feature (phenotype), site (aligned residue index), 
mutant amino acid, and optionally, antibody identity for antibody 
escape array. Missing values were filled with NaNs.

To avoid data leakage and enable dynamic, time-aware inference, 
we indexed DMS features by their antigen source and recorded their ear-
liest availability dates. During training, we applied temporal masking 
to ensure that only features experimentally available before the target 
prediction date (t0) were used. For antibody escape features, we aggre-
gated epitope-level escape scores by antibody cluster and averaged 
values within each group to mitigate sampling noise. We re-clustered 
the antibody escape profiles into 56 distinct groups to obtain a more 
fine-grained representation of the underlying epitope landscape. Only 
antibodies with previous immunological exposure (that is, sampling 
time ≤t0) were retained for analysis. Each input sequence was one-hot 
encoded and scanned against the aligned DMS matrix to produce a 
position-specific, feature-aware vector representation.

Model architecture
The overall architecture of DeepCoV is shown in Extended Data Fig. 1, 
and its aim is to predict the future proportion of certain RBD or Spike. 
To represent the dynamic immune pressures, MSA of target and 
top-circulating strains at t0, and the corresponding sequence counts 
for certain dates and locations were collected from the GISAID data-
base. Mutation phenotype of evasion (antibody escape, sera escape), 
fitness (ACE2 binding, spike-mediated entry) as well as expression from 
deep mutation scanning were generated following refs. 7,31,32,48–50.

First, we adopted pretrained ESM-MSA-1b with frozen parameters 
to extract amino-acid-level embeddings of RBD or Spike of SARS-CoV-2 
target and representative variants. The 3-day-gap-level proportions of 
variants generated from GISAID, with location information implicitly 
represented, were fed into LSTM. Subsequently, the MSA embedding 
and proportion embedding were concatenated together and processed 
by the self-trained DeepCoV axial-attention module22. In this module, 
a three-layer row-wise and column-wise Transformer was adopted to 
build local dependencies of the residues and variants. The refined 
embeddings of the target were then split for further DMS information 
integration. As for the DMS data, we expressed the sequence-level 
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score of antibody escape for each epitope by max pooling on the site 
dimension and reference dimension, and mean across sites and refer-
ences for other DMS features. To go a step further, the MSA-proportion 
embedding, concatenated with the DMS features one by one, flows into 
a Transformer encoder module for feature coupling. The purpose of 
using a transformer here is to emphasize the impact of protein-level 
embedding. At the final step, linear layers were applied to generate 
the proportion value on the target day, or LSTM for the proportion 
values during a period.

The architecture and algorithms involved in each module are 
detailed as follows.

Sequence embedding module. To represent protein sequences effec-
tively, we employed state-of-the-art protein language models that 
capture evolutionary constraints and contextual amino acid relation-
ships. We supported two pretrained models:

Eseq = SeqEncoder (X) ∈ ℝB×(1+Nbg)×L×D (1)

where Eseq is the output sequence MSA embeddings, X is the input 
sequence tokens (containing the target and background sequences), 
B is the batch size, Nbg is the number of background sequences, L is 
the length of aligned sequences (one target sequence and Nbg back-
ground sequences) and D is the embedding dimension. The main 
model employs ESM-MSA-1b (D = 768) as the sequence encoder to 
exploit MSA information, while ablation variants optionally sub-
stitute ESM-2 to assess the impact of evolutionary modelling on 
downstream performance.

Background sequence frequency encoder. This encoder processes 
temporal variant frequency data to capture evolutionary dynamics. 
This component enables the model to learn patterns in how variants 
rise and fall in prevalence over time. The encoder employs an LSTM 
architecture that processes time-series data of variant frequencies:

ht, ct = LSTM (xt,ht−1, ct−1) (2)

where xt ∈ ℝB×(1+Nbg) represents the proportion of each target or back-
ground sequence at time t, and ht, ct are hidden and cell states. To 
extract a fixed-size representation of the temporal dynamics, the model 
utilizes the final hidden state as the background frequency embeddings:

Ebg = hlast (3)

where hlast is the output of the LSTM at the final time step. This encod-
ing transforms the input sequence of length (number of time steps) Lbg 
into a high-dimensional feature vector, which serves as the temporal 
representation of the variant.

Following the initial encoding, the AxialTransformer module 
from MSA Transformer is employed to fuse the sequence embed-
dings Eseq and background embeddings Ebg

24. The representation of 
the target sequence is then extracted from the resulting output for 
downstream computations.

Etarget = AxialTransformer (concat (Eseq, Ebg)) (4)

Deep mutational scanning encoder. The incorporation of experimen-
tal DMS data provides direct measurements of how mutations affect 
viral properties such as antibody escape, binding affinity and expres-
sion levels. The DMS encoder integrates this experimental data with 
sequence representations. First, we processed sequence embeddings 
to create a common representation space:

Ecombined = [Etarget; Eref] (5)

Eprocessed = Normalize (Linear (Ecombined)) (6)

Etargetproc , Erefproc = Split (Eprocessed, [1,Nbg]) (7)

where Etarget is the target sequence embedding, Eref represents the refer-
ence sequence embeddings, Ecombined is their concatenation, Eprocessed is 
the processed embedding after linear projection and normalization, 
Etargetproc is the processed target embedding and Erefproc is the processed 
reference embedding.

Next, we computed similarity scores between target and reference 
sequences to create attention weights. This attention mechanism 
allows the model to focus on reference sequences most similar to 
the target:

ri,j,l =
Dseq
∑
d=1

Etargetproc [i, 1, l,d] Erefproc [i, j, l,d] (8)

si,j,l = ri,j,lMdelay [i, j, l] (9)

wi,j,l =
exp (si,j,l)

∑Nref
j′=1 exp (si,j′ ,l)

(10)

where ri,j,l is the dot product similarity between the target sequence 
(index is 1) and reference sequence j at position l for batch item i,  
Mdelay[i, j, l] is a binary mask that prevents information leakage from 
future timepoints, si,j,l is the masked features and wi, j,l is the atten-
tion weight derived from softmax normalization across reference 
sequences. For the standard DMS processing without antibody clusters, 
we proceed as follows:

Xdms ∈ ℝB×Nref×L×21 (11)

Demb = Linear (Xdms) ∈ ℝB×Nref×L×Ddms (12)

Dtrans = TransformerEncoder (Demb) (13)

where Xdms is the DMS data with 21 features per position (representing 
20 amino acid types and deletion), Demb is the embedded DMS feature 
and Dtrans is the transformer-encoded DMS feature.

Finally, we applied the attention weights to aggregate DMS fea-
tures across reference sequences:

Dweighted =
Nref
∑
j=1
wi,j,lDtrans [i, j, l] (14)

Ydms = LayerNorm (Dweighted) ∈ ℝB×L×Ddms (15)

where Dweighted represents the attention-weighted DMS features and 
Ydms is the final normalized DMS representation that will be integrated 
with other features in the model.

This approach enables the model to selectively incorporate 
DMS information from the most relevant reference sequences, 
creating a robust representation of mutation effects that informs 
evolutionary prediction.

Feature integration and output layer. We integrated evolutionary 
predictions with DMS features through a series of fusion layers. For 
models with antibody escape data:

Fdms = LayerNorm (Linear ([Ftarget;Ydmsab ])) (16)

Additional DMS features were integrated sequentially:

Fdmsi+1 = LayerNorm (Linear ([Fdmsi ;Ydmsi ])) (17)

http://www.nature.com/naturemicrobiology


Nature Microbiology

Article https://doi.org/10.1038/s41564-026-02377-5

After integrating the DMS features with evolutionary information, 
the features were further fused through a Transformer Encoder layer. 
This layer utilizes a self-attention mechanism to capture the long-range 
dependencies and contextual relationships between amino acid resi-
dues. Finally, the representation of the target sequence was derived 
from the first-position class (CLS) token.

For temporal trajectory prediction, we implemented an 
LSTM-based output layer that generates predictions for multiple future 
time points:

Xtimet = Ffinal + Embedding (t) , t ∈ 0, 1,… ,T − 1 (18)

The time embedding allows the model to distinguish 
between different prediction horizons. The LSTM processes these 
time-embedded features:

ht, ct = LSTM (Xtimet ,ht−1, ct−1) (19)

p = σ (Linear (hT−1)) (20)

where Ftarget is the output from the evolutionary prediction module for 
the target sequence, Ydmsab is the antibody escape DMS representation, 
Fdms is the fused representation after integrating evolutionary and 
antibody escape features, Ydmsi  is the representation of the ith DMS 
feature type, Fdmsi is the fused representation after integrating the ith 
DMS feature, Ffinal is the sequence-level representation extracted from 
the first token position, Xtimet is the time-embedded representation for 
timepoint t, ht and ct are the hidden and cell states of the LSTM at time 
step t, and p is the predicted prevalence probability. In addition, an 
alternative optional output module utilizes a two-layer feed-forward 
neural network to predict prevalence probability p, where the input 
features are first compressed using a linear layer with Rectified Linear 
Unit (ReLU) activation, followed by a final linear projection and a sig-
moid function to squash the output into a (0,1) probability range.

This architecture enables the model to predict variant prevalence 
trajectories over time, capturing both immediate and longer-term 
evolutionary dynamics.

Training and optimization
All models were trained using the AdamW optimizer with a weight 
decay of 10−2 and an initial learning rate of 10−4. A linear warm-up sched-
ule was applied for the first 300 training steps, followed by a linear 
decay (Table 1). Mixed precision (bfloat16 or float16) was employed 
under the PyTorch framework on NVIDIA A100 GPUs.

The loss function was a log-transformed, sample-weighted MSE 
defined as:

Lreg =
N
∑
i=1
wmaski wlabeli (log (100 ̂yi + 1) − log (100yi + 1))

2 (21)

where ̂yi is the predicted future prevalence, yi is the observed ground 
truth at time t1 (t1 = t0 + 30 d), and wmaski  is a weight derived from 
sequence sampling coverage masking. The mask matrix consists of 
binary indicators denoting whether the ground truth value yi is valid 
(that is, total number of isolates at t1 is above a defined threshold, for 
example, 100 in this study). wlabeli  is determined by the label yi, to 
upweight the dominant variants, reducing class imbalance bias during 
training. To account for the heavy-tailed distribution of the target ratio 
and the overrepresentation of near-zero values, we applied a logarith-
mic transformation of the form log (100yi + 1) to the target variable. 
This transformation mitigates the dominance of extremely small values 
during training and facilitates more balanced gradient propagation 
throughout optimization.

Extended models
Updated JN.1-era prediction. For the updated JN.1 prediction, the main 
model—originally trained on data collected before 1 October 2023—was 
retained, while the test dataset was expanded to include sequences 
submitted up to 16 May 2025. Unique RBDs were renamed according 
to their mutations relative to reference lineages: WT, Alpha, Beta, 
Delta, Gamma, Eta, BA.1, BA.2, BA.5, BF.7, BQ.1.1, XBB, XBB.1.5, EG.5, 
HK.3, ‘FLip’ (XBB + S486P + L455F + F456L), BA.2.86, JN.1, KP.2, KP.3, 
XEC, LF.7, LP.8, NB.1, NB.1.8.1, XFG and XFH. The major-strain-specific 
test set comprised RBDs from JN.1, KP.2, KP.3, LF.7, LP.8 and NB.1.8.1.

Spike model. For each unique spike sequence, a cluster index and a clus-
ter name were assigned for further usage. Unique spikes were renamed 
according to their mutations relative to the their parental lineage refer-
ences: WT, Alpha, Beta, Delta, Gamma, Eta, BA.1, BA.2, BA.5, BF.7, BQ.1.1, 
XBB, XBB.1.5, EG.5, HK.3, ‘FLip’ (XBB + S486P + L455F + F456L), BA.2.86, 
JN.1, KP.2 and KP.3. For the sequencing embedding, considering the 
input restrictions of the ESM-MSA-1b, only the first 1,023 amino acids 
of the spike protein were included. Considering the relatively minor 
contribution of the tail of the C-terminal region in the evolution of 
SARS-CoV-2, it is an acceptable compromise. The other data processing 
and model architectures are consistent with those of the main model 
in all other aspects (see Table 2 for hyperparameter details).

Benchmarking approaches
Growth advantage estimation. The algorithm for calculating growth 
advantage was adapted from ref. 11, and the daily sequence data were 
sourced from the GISAID database. Specifically, a logistic regression 
model was employed to fit the daily frequency of samples for the con-
cerned RBD cluster to estimate the logistic growth rate a and the mid-
point t0 of the sigmoid curve. The growth advantage was defined as 
ea × g−1, where g, the generation time, equals 7 days, and a represents 
the growth rate derived from the logistic model fitting. Confidence 
intervals were computed with α = 0.95.

EVEscape benchmarking. The algorithm for calculating growth 
advantage was adapted from ref. 14. We first computed the mutations of 
all RBD sequences in the full test set relative to the wild-type reference. 
Following the approach described in the original EVEscape publication, 
we aggregated EVEscape scores based on these relative mutations to 
obtain a composite score for each RBD sequence.

E2VD benchmarking. The E2VD models were retrained using the publicly 
available ESM-2 model as the pretrained backbone21. Candidate unique 
RBD sequences served as input to the model, with outputs generated on a 
5-fold cross-validated test set. We benchmarked the E2VD framework by 
aggregating predictions from its three submodules: ACE2 binding affinity, 
viral expression efficiency and antibody escape potential. Model outputs 
were generated on a 5-fold cross-validated test set ( JN.1-era RBD variants) 
and averaged across folds for the binding and expression tasks. Escape 
scores were computed from the last prediction run of the optimization 
cycle. Following the original study, the model was tasked with predicting 
escape scores against the BD57-0129 antibody for immune escape evalu-
ation. To prioritize variants with potential fitness and immune evasion 
advantages, we applied an asymmetric scoring scheme informed by  
previous biological knowledge: deviations in expression and ACE2 
binding were penalized only when falling below functional thresholds, 
whereas antibody escape was positively weighted when exceeding a 
permissive cut-off. The final E2VD score was computed as the sum of 
exponentiated deviations from these empirically defined thresholds:

E2VD = emin(expr−0.7,0) + emin(blind−0.25,0) + emax(escape−0.5,0) (22)

Multinomial logistic regression. To provide a comparative baseline for 
variant frequency forecasting, we implemented an MLR model following 
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the framework established in ref. 33. MLR models the observed counts 
of competing SARS-CoV-2 variants over time as draws from a multi-
nomial distribution, with variant frequencies evolving according to 
variant-specific growth advantage parameters under a fixed-fitness 
assumption. The vector of linear predictors was exponentiated and 
normalized to ensure that predicted frequencies sum to unity at each 
timepoint. The model was fit by maximizing the multinomial likelihood 
of the observed sequence counts stratified by analysis date, using avail-
able genomic surveillance data up to that date. Predicted frequencies 
at future timepoints (including 30-day forecasts) were obtained by 
extrapolating the time-dependent linear predictors based on the fitted 
parameters and normalizing them to the simplex. The 180-day frequency 
trajectories, as used by DeepCoV, of all RBD clusters were included.

Benchmarking settings
Timeliness of major variant detection by different predictive  
models. To assess the timeliness of variant prioritization across different 
computational frameworks, we tracked the earliest timepoints when 
major RBD variants ( JN.1, KP.2 and KP.3) were flagged as high risk by 
multiple scoring models, including DeepCoV, MLR, growth advantage, 
EVEscape and E2VD. For each method, we determined the earliest date 
a given strain entered the top-N ranking (for example, top 10 or top 3) 
based on model-specific scores. Specifically, rankings of DeepCoV, MLR 
and growth advantage were derived from the model-predicted target 
proportion using data available at date t0. To ensure stability and fairness, 
growth-advantage predictions were smoothed before ranking using 
a conservative procedure in which the minimum value within a 7-day 
window was taken. For EVEscape and E2VD, strain scores were ranked 
within a ±1-month temporal window centred at each submission date to 
mimic realistic evaluation scenarios. If a variant was not predicted as a 
top-ranked candidate before its observed prevalence formally reached 
20%, the method was considered to have failed in predicting that variant.

Benchmarking of top-k variant ranking predictions. To enable a 
fair comparison of different predictive methods for identifying domi-
nant SARS-CoV-2 RBD variants during the JN.1 era, we implemented 
a dynamic retrospective top-k ranking comparison against several 
baseline methods. The evaluation was conducted on temporally strati-
fied test data spanning October 2023 to September 2024. We first 
defined ground-truth dominant variants (top-n_truth) based on their 
observed proportions at prediction horizon t1, using a 30-day window 
of metadata (submit_date ∈ [t0−30, t0]) to restrict candidate RBDs to 
those actively circulating at the time of prediction. For each timepoint 
t0, candidate variants were ranked by predicted prevalence using 
DeepCoV, MLR, growth advantage, and baseline functional scores 
from EVEscape and E2VD. We evaluated predictions using two criteria:

Prediction success rate. This was used for cases where the number of 
true dominant variants is equal to 1 and was defined as the proportion 
of timepoints where the top-ranked predicted variant exactly matched 
the observed dominant variant at t1, based on its prevalence.

Mean overlap ratio. This was used for cases where the number of true 
dominant variants is greater than 1 and was calculated as the temporal 
average of the Jaccard index across all evaluation points, quantifying 
the overlap between predicted and true dominant sets. The top-k 
predictions were computed for a range of values k. Evaluation was 
conducted independently for each method across all timepoints. 
XBB.1.5, EG.5, HK.3, BA.2.86, JN.1, KP.2 and KP.3-related variants were 
included in this evaluation.

Growth trajectory reconstruction and prevalence regional 
heterogeneity analysis
Growth trajectory reconstruction. To evaluate the temporal dynamics 
and predictive accuracy of our model across key SARS-CoV-2 lineages, 

we visualized the predicted and observed relative abundances of major 
RBD or spike variants over time. For each lineage, model predictions 
of future proportions (output of target ratio at t1) were aligned to their 
corresponding start dates (t0) and binned biweekly. Observed contem-
poraneous proportions (target ratio at t0) were used for reference. 
Line plots were generated to display predicted trajectories (dashed 
lines), observed proportions (solid lines) and prediction uncertainty 
(±1 s.d. as shaded ribbons) across locations. Variants were labelled 
using standardized nomenclature derived from mutational mappings. 
We computed temporal prediction error metrics, including RMSE and 
MAE, to quantify model fidelity across timepoints. These metrics were 
evaluated both on major variants and the full test set.

Prevalence regional heterogeneity analysis. For several well-known 
variants exhibiting regional differences in prevalence, we separately 
modelled their growth trajectories using representative data from 
individual continents and visualized their predicted dynamics. In 
addition, to assess the spatiotemporal dynamics of variant emer-
gence, we evaluated the relative ranking of four representative RBD 
variants across major geographic regions. The test dataset consisted 
of model outputs spanning from 1 September 2022. For each variant, 
predictions were grouped by date (t0) and location, and variants 
were ranked according to their predicted prevalence at the forecast 
horizon (t1).

In silico mutational hotspots scanning
Pseudo single-residue mutational dataset generation. We con-
structed comprehensive libraries of single amino acid substitutions 
on representative reference strains. Aligned regions corresponding to 
the RBD (residues 331–531) or NTD (positions 14–305) were extracted 
from MSAs of spike protein sequences. For each position in the aligned 
region and for each reference strain (for example, XBB.1.5, JN.1, KP.2), 
all 19 possible single amino acid substitutions were introduced. In the 
region of NTD, extra deletions were also introduced for each position. 
To simulate synthetic surveillance records, we selected a defined time 
window (for example, 1 May to 1 June 2023, for XBB.1.5) and globally 
assigned prevalence value to each mutant based on their empirical 
prevalence values; unobserved mutants were assigned a prevalence 
of zero. The combined dataset was used for downstream mutational 
hotspot scanning and predictive evaluation.

In silico mutational scanning and visualization of variant-specific 
fitness hotspots. In silico single-mutant scanning of the SARS-CoV-2 
RBD or NTD region was conducted on various emerging variant back-
bones (for example, XBB.1.5, KP.3, LF.7). For reference strains JN.1, 
KP.3 and LF.7, all single amino acid substitutions were evaluated using 
a trained JN.1-era predictive model, yielding a fitness score for each 
synthetic mutant. For reference strains XBB, XBB.1.5 and EG.5, residue 
substitutions were evaluated using a trained XBB-era predictive model. 
For each mutation, a normalized contribution score was calculated by 
subtracting the amino acid-specific global average score over time to 
control for residue bias. Only mutations with a positive differential 
score were retained as candidates for fitness advantage. To summa-
rize mutation-level signals into position-level insights, we computed 
average contribution scores across all substitutions at each site and 
visualized them using a smoothed line plot with positional annota-
tions. In addition, we generated amino acid logo plots on the top-N 
(for example, 10) highest-scoring positions, where the height of each 
letter corresponded to the magnitude of the fitness contribution for 
that substitution.

Ablation studies
To assess the contribution of different components to the model’s 
predictive performance, we conducted systematic ablation studies 
by removing specific functional modules:
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•	 Sequence encoder ablation (ESM-2): To evaluate the effect of the 
MSA-based encoder, we replaced ESM-MSA-1b with the ESM-2 
(150 M) model for sequence embedding. All other architectural 
components were kept unchanged.

•	 No-DMS model: All DMS-derived features were removed, and 
the model was trained using only the amino acid sequences 
and associated epidemiology data. Two feed-forward lay-
ers were used in place of the DMS module to achieve the same 
dimensional transformation.

•	 No evolutionary–epidemiological context model: Only the tar-
get strain and its associated 180-day historical prevalence data 
were used. No background sequences were included. Sequence 
features were encoded using the ESM-2 model, and historical 
prevalence signals were integrated via an LSTM, followed by a 
Transformer-based feature aggregator.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The SARS-CoV-2 genome sequences and associated metadata ana-
lysed in this study were obtained from the GISAID EpiCoV database 
(www.gisaid.org). Access to GISAID data is subject to their data 
access agreement, and the collection details for the sequences 
used in this study are provided in Supplementary Methods and 
are also available in GitHub at https://github.com/yunlongcaolab/
DeepCoV (ref. 51). The deep mutational scanning datasets for sin-
gle mutations were obtained from published datasets in public 
repositories (https://github.com/tstarrlab/SARS-CoV-2-RBD_DMS_
Omicron-EG5-FLip-BA286; https://github.com/tstarrlab/SARS-
CoV-2-RBD_DMS_Omicron-XBB-BQ; https://github.com/jbloomlab/
SARS2_RBD_Ab_escape_maps; https://github.com/dms-vep/SARS-
CoV-2_Omicron_BA.2_spike_ACE2_binding; https://github.com/dms-
vep/SARS-CoV-2_XBB.1.5_spike_DMS; https://github.com/dms-vep/
SARS-CoV-2_Delta_spike_DMS_REGN10933; https://github.com/dms-
vep/SARS-CoV-2_Omicron_BA.1_spike_DMS_mAbs; https://github.
com/jbloomlab/SARS2-RBD-escape-calc; https://github.com/yun-
longcaolab/convergent_RBD_evolution; https://github.com/yunlong-
caolab/SARS-CoV-2-reinfection-DMS)7,9,31,32,48–50. The raw sequence 
IDs and all derived datasets including training/validation/test sets 
are available via Zenodo at https://doi.org/10.5281/zenodo.18392647 
(ref. 52). Source data are provided with this paper.

Code availability
All scripts used for data preprocessing, model training and evaluation 
are publicly available in GitHub at https://github.com/yunlongcaolab/
DeepCoV (ref. 51).
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Extended Data Fig. 1 | Detailed schematic of model architecture. Schematic illustrating sequence encoding, background prevalence embedding, axial-attention–
based feature fusion, DMS integration, and output layers. Full architectural and implementation details are provided in the Supplementary Methods.
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Extended Data Fig. 2 | Comprehensive evaluation of dominant variant 
prediction accuracy and temporal dynamics. Mean Jaccard overlap ratios 
between predicted and observed sets of dominant SARS-CoV-2 RBD variants 
across varying values of k (number of top-ranked predictions considered) for 

top 5 ground-truth variants. Error bars denote ±1 s.e.m. across evaluation time 
points (n = 351). Each time point represents an independent prediction analysis 
on distinct variant datasets.

methods

DeepCoV
E2VD
EVEscape
growth advantage

0.2

0.4

0.6

5 10 15 20
k

m
ea

n 
ov

er
la

p 
ra

tio

Top 5 dominant strains prediction

multinomial logistic regression

http://www.nature.com/naturemicrobiology


Nature Microbiology

Article https://doi.org/10.1038/s41564-026-02377-5

full model no DMS

no evolutionary-epidemiological context
ESM-2 in place of ESM-MSA-1b

a b

c d

full model no DMS

no evolutionary-epidemiological context
ESM-2 in place of ESM-MSA-1b

0.241

0.090

0.078

0.061

ESM-2 in place of 
ESM-MSA-1b

no evolutionary-
epidemiological context 

no DMS

full model

0.0 0.1 0.2 0.3

RMSE

0.2

0.4

0.6

0.8

1.0

5 10 15 20kpr
ed

ic
tio

n 
su

cc
es

s 
ra

te

Top 1 dominant strain prediction

0.1

0.2

0.3

0.4

0.5

5 10 15 20k

m
ea

n 
ov

er
la

p 
ra

tio

Top 5 dominant strains prediction

full model no DMS
ESM-2 in place of ESM-MSA-1b

0.00
0.25
0.50
0.75
1.00

10 20 30 40 50
k

0.00
0.25
0.50
0.75
1.00

10 20 30 40 50
k

0.00

0.25

0.50

0.75

1.00

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
proportion threshold at T3

Fa
ls

e 
D

is
co

ve
ry

 R
at

e

0.00

0.25

0.50

0.75

1.00

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
proportion threshold at T3

R
ec

al
l

full model no DMS

no evolutionary-epidemiological context
ESM-2 in place of ESM-MSA-1b

no evolutionary-epidemiological context

Fa
ls

e 
D

is
co

ve
ry

 R
at

e
R

ec
al

l

Extended Data Fig. 3 | Ablation study evaluating the contribution of 
individual components to DeepCoV performance. a, Comparative RMSE 
across the full model and three ablated models: (i) removal of immune 
background features, (ii) exclusion of DMS data, and (iii) replacement of 
evolutionary features with ESM-2 embeddings.b, Top-k prediction performance 
over time for the ablated models. Success rate is reported for the top 1, and 
jaccard index is reported for the top 5 predicted dominant variants across 
varying k values (that is, the number of predicted variants considered).  

Error bars represent ±1 s.e.m. across all evaluation time points. c, Predictive 
metrics (false discovery rate and recall) stratified by variant prevalence 
thresholds across ablated models. d, Performance of ablated model in recovering 
true dominant variants across increasing top-k prediction thresholds, evaluated 
using recall, FDR and accuracy computed against top ten major circulating 
variants ( JN.1, KP.2, KP.3, HK.3, JN.1 + R346T, JN.1 + F456L, HK.3 + A475V, 
KP.2 + G482V + K484E, KP.2 + L456V + K478T, and KP.2+ins483V + K484E).
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Extended Data Fig. 4 | Comprehensive evaluation of temporal dynamics prediction. a, Root mean squared error (RMSE) and b, mean absolute error (MAE) 
evaluated monthly for dominant variants after 1 October 2023 (HK.3, BA.2.86, JN.1, KP.2, KP.3).
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Extended Data Fig. 5 | Model performance in detecting minor SARS-CoV-2 variants. Growth trajectory reconstruction for subdominant and low-prevalence 
variants. Weekly aggregated predictions (lines colored purple, t1 inferred from t0) are compared with observed prevalence (lines colored blue, measured at t0).
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Extended Data Fig. 7 | DeepCoV performance of model trained on spike 
protein. a, Pearson’s correlation coefficient (r) of predicted versus observed 
variant frequencies at time t1 using model trained on SARS-CoV-2 spike. 
Each point represents a variant, colored by lineage. b, Growth trajectory 
reconstruction using the renewed test set. Weekly aggregated predictions 
(dashed lines, t1 inferred from t0) are compared with observed prevalence 
(solid lines, measured at t0). Shaded regions represent mean ± s.d for days in a 

week. c, Prevalence of site-specific mutations and deletions in KP.3 prior to the 
emergence of convergent evolution, identifying early mutational hotspots. 
‘X’ denotes deletion mutations. d, Dynamic assessment of spike-based 
model performance across varying definitions of dominant variants based 
on prevalence thresholds. Accuracy, recall, and FDR are reported under each 
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Extended Data Fig. 8 | Workflow of SARS-CoV-2 sequence data preprocessing. SARS-CoV-2 genomic data and associated metadata retrieved from GISAID were 
subjected to a systematic, multi-stage curation pipeline to ensure data integrity and high-fidelity sequence quality.
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