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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)”?*3248-50 The raw sequence
IDs and all derived datasets including training/validation/test sets
areavailable viaZenodo at https://doi.org/10.5281/zen0od0.18392647
(ref.52).Source data are provided with this paper.

Code availability

Allscripts used for data preprocessing, model training and evaluation
arepublicly available in GitHub at https://github.com/yunlongcaolab/
DeepCoV (ref. 51).
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Extended Data Fig. 1| Detailed schematic of model architecture. Schematicillustrating 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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varying k values (that is, the number of predicted variants considered).
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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, t, inferred from t,) are compared with observed prevalence (lines colored blue, measured at t,).
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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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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Our web collection on statistics for biologists contains articles on many of the points above.
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Data collection  SARS-CoV-2 genome sequences and associated metadata were downloaded from GISAID. Full-length Spike coding sequences were extracted
and aligned to Wuhan-Hu-1 (NC_045512.2) using MAFFT v7.505. Deep mutational scanning measurements for single-mutation RBD variants
were obtained from the published datasets of Starr et al., Bloom et al., and Cao et al., through the public repositories. For sequence
embedding, the main model used the pretrained ESM-MSA-1b model (Meta Al) with multiple-sequence alignment inputs. ESM-2 (650M) was
used exclusively in ablation experiments as a drop-in replacement for the MSA-based embedding module, without further pretraining.

Data analysis All computational analyses were performed using Python 3.12 and PyTorch 2.4 with GPU acceleration (CUDA 12.1). Spike sequences were
processed using BioPython 1.78, MAFFT v7.505, NumPy 1.26.4, and Pandas 2.2.2. Evaluation metrics were conducted using scikit-learn 1.4.2.
Visualization was performed using Matplotlib 3.8.4 and R packages including ggplot2 3.4.4, ggseqlogo 0.1, ggvenn 0.1.10, and ggrepel 0.9.6.
All scripts used for data preprocessing, model training, and evaluation are publicly available at: https://github.com/yunlongcaolab/DeepCoV.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The SARS-CoV-2 genome sequences and associated metadata analyzed 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 at https://github.com/yunlongcaolab/DeepCoV. The raw sequence ids and all derived datasets including training/validation/test set are available
can be accessed through 10.5281/zenodo.18392647.

The deep mutational scanning datasets for single mutations were obtained from the published datasets of Starr et al., Bloom et al., and Cao et al., through the
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/yunlongcaolab/
convergent_RBD_evolution; https://github.com/yunlongcaolab/SARS-CoV-2-reinfection-DMS) .
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size All available SARS-CoV-2 Spike sequences in GISAID were initially retrieved and filtered using metadata to retain human-derived, full-length
Spike proteins with complete collection and submission dates (in YYYY-MM-DD format). Sequences with <10 non-standard residues and >1230
amino acids were retained to ensure basic sequence quality. To ensure adequate coverage and representativeness for model training and
evaluation, we further applied predefined inclusion criteria to each instance, requiring a cumulative isolate count >100 during the 30-day
prediction interval, the presence of 216 co-circulating clusters in the preceding 180 days, at least one day with the target-cluster proportion
>0.5%, and valid geographic and sampling date metadata. Deep mutational scanning datasets included all single-amino-acid RBD mutants
quantified in their respective published works. These prospectively defined rules determined the final sample size, and no additional post-hoc
subsampling was performed.

Data exclusions  We did not exclude any qualifying data beyond the prospectively defined inclusion criteria above, which address data incompleteness,
extremely low viral counts, or uninformative prevalence. No additional post-hoc data removal was performed.

Replication All primary data used in this analysis was obtained from public repositories, and no experimental replication was performed.
Randomization No experimental randomization was applicable. For model training and evaluation, we implemented a stratified evaluation design to prevent

information leakage and to balance lineage and regional composition. All observations collected after 1 Oct 2023 were held out as an
independent prospective test set. Data before this date were split into training and validation sets via stratified random sampling at the RBD-
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cluster level, with the constraint that a given cluster did not appear in more than one split. To ensure temporal balance, prediction start dates
for training samples were drawn uniformly from five predefined time bins spanning Feb 2020-Oct 2023.

Blinding No blinding was necessary because measurements were quantified by automated systems.
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system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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