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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.
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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. 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. 6 | Ablation on in silico mutational hotspots scanning. Comparison of the full and ablated models in detecting JN.1 mutational hotspots. True 
hotspots (positions 346 and 456) are highlighted in red. In silico deep mutational scanning of JN.1 single-point mutants at 20 March 2024 illustrates the predicted 
fitness landscapes under each ablation setting.
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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 
threshold setting. The number of actual dominant variants for each prevalence 
thresholds are labeled.
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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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