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Abstract

Influenza A subtypes H1N1 and H3N2 are endemic in humans, with their high
mutation rates requiring annual vaccine updates. However, vaccine strain selection
currently relies on early neutralization assays and global surveillance data, resulting
in mismatches between vaccine strains and circulating strains and ultimately reduce
vaccine effectiveness. Accurately quantifying the impact of mutations on viral
fitness and antigenicity could improve forecasting of emerging stains and enable
more effective vaccine design. To address this, we track the phylogeny of H1N1
and H3N2 over the last 15 years to create forecasting benchmark datasets and
evaluate state-of-the-art computational models for predicting their evolution. We
find that computational models consistently outperformed experimental approaches
at predicting new single mutations, with notable differences in performance across
the strains. Finally, we study a period of high H1N1 incidence to explore how
models can transfer learned evolutionary constraints across influenza subtypes.
This work highlights the potential of deep learning models to forecast influenza
evolution and support proactive vaccine design.

1 Introduction
Seasonal Influenza A viruses are responsible for epidemics infecting an estimated one billion people
and causing hundreds of thousands of deaths each year[1], yet have the lowest and most variable
effectiveness of any vaccine licensed for use in the US[2]. This variability arises from the virus’s
rapid evolution, which enables immune evasion and necessitates annual reformulation to match
circulating strains. Current vaccine recommendations from the World Health Organization are based
on surveillance sequencing and basic neutralization assays of a limited number of circulating strains.
Yet, strain mismatch is common: over the past decade, only three influenza seasons demonstrated
more than 70% antigenic match between the selected vaccine strain and the dominant strains six
months later[3]. Such mismatches can significantly reduce vaccine effectiveness, emphasizing the
need for improved predictive models of viral evolution.

Traditional serological assays [4–6], are resource-intensive and cannot feasily measure neutralization
across the vast diversity of circulating strains[7]. While computational methods offer scalability,
many depend on large-scale antigenic data or current strain prevalence data—both of which have
limited forecasting power[8–12]. An alternative approach is to leverage information encoded in the
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evolutionary history of influenza (Fig. 1A,B), using the hundreds of thousands of sequenced strains
from surveillance efforts[13–18].

Here, we systematically evaluate an array of computational models holding state-of-the-art per-
formance on mutation effect prediction benchmarks[17, 19] on their ability to predict influenza A
evolution, particularly for H1N1 and H3N2 clades from 2009 onward (Fig. 1A,B,C). The contrasting
immunological landscapes between pandemic human-adaptation-driven H1N1 evolution[20, 21] and
seasonal population-immunity-driven H3N2 evolution provide an ideal test of the model’s generaliz-
ability. We evaluate 1) alignment-based models, which infer functional constraints from multiple
sequence alignments (MSAs) of homologous proteins and have shown success in modeling viral evo-
lution, immune escape, and vaccine effectiveness particularly for SARS-CoV-2 [14–16, 18, 22, 23];
and 2) PLMs, which are trained on a large corpora of protein sequences, offering an alignment-
free approach which can, in principle, generalize across families[24–29], but have shown limited
performance for viruses [17].

Figure 1: Modeling evolution of H1N1 and H3N2 clades with current computational models.
A-B. Nested pandemic H1N1 phylogeny vs co-circulating seasonal H3N2 phylogeny since 2009,
including the 9 H1N1 and 15 H3N2 clades we focus on modeling. Trees from NextStrain[30, 31]
using data from GISAID[13]. C. Two classes of computational models, protein language models and
alignment-based models, are evaluated. D. Representation of influenza in model training datasets.

Finally, we use the evolutionary model EVE to explore the subtype-level specificity of learned
fitness constraints. We model the evolution of H1N1 following an antigenic shift event in 1989, and
investigate how training on non-H1N1 subtypes changes prediction performance. Understanding how
transferrable variant effect models are will shape strategies to model emerging subtypes with high
risk of human spillover.

2 Results

We test three alignment-based models (PSSM[14], EVmutation[14], and EVE[15]); two PLMs (ESM-
1v[24] and Tranception[25]); one structure-aware PLM (SaProt[32]); and four hybrid approaches
(TranceptEVE[33], Tranception with MSA retrieval[25], VESPA[34], and SaProt-EVE[17]) (Fig. 1D).
Here, we focus on the top performing models in each category and the most recent H1 and H3 clades
(see S1,S2,S3,S4,S5,S6, for all). We focus on single nucleotide mutations since multi-nucleotide
mutations are very rarely observed in flu clades post-2009 (<4% of test datasets).

We evaluate model performance by tracking how many mutations in each model’s top 100 predictions
are observed throughout a clade outbreak, defining precision as the percentage of predictions seen by
the end of outbreak (Fig.S1,S2). Importantly, at the emergence of each clade, none of any model’s
top mutations were present in the population—confirming that test set mutations are novel rather
than trivial memorization of mutations present at training time. However, we care not only that a
model’s predictions are seen but that it is able to predict the most frequently occurring mutations in
a clade outbreak; we define a recall metric as the number of top 100 most frequent mutations that
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were correctly predicted by the model. Crucially, all three top models were more likely to predict a
mutation the more commonly it occurred (Fig. 2, Fig.S3,S4).

Figure 2: Computational models predict future outbreak HA1 mutations in the clades
6B.1A.5a.2a.1 (H1N1) and 3C.2a1b.2a.2a.3a.1 (H3N2) more accurately than deep mutational
scans. A,E. Models are more likely to predict higher frequency mutations. B,F. By 2025, 80% of
TranceptEVE’s and EVcoupling’s H1 predicted mutations and 60% of H3 predicted mutations were
observed, outperforming every other model. C,G. Higher scoring TranceptEVE mutations are first
seen earlier in the clade outbreak. D,H. TranceptEVE and DMS predict distinct sets of mutations.

This was not the case for the fitness DMS from H1N1 (A/California/7/2009) [35] and H3N2
(A/Massachusetts/18/2022) [36]. While the DMS had some predictive power, recovering <40%
of mutations, it was unable to differentiate the most frequent mutations. This is reflected in how few
predictions overlap between the DMS and TranceptEVE (16% for H1, 10% for H3, Fig. 2D,H). This
suggests that while viral replication (H1N1 DMS[35]) and cell entry (H3N2 DMS[36]) may be good
proxies for viral fitness, they are not as reflective of the mutation selection pressures in observed
natural viral evolution as computational approaches are, which can recover double the outbreak
mutations. This underscores a limitation of even up-to-date, in vitro fitness-only mutagenesis scans in
forecasting real-world evolution. We also assess how different thresholds for top mutations affect
precision and recall (Fig.S7,S8), with thresholds of 50, 100, and 200 giving comparable thresholds
across the models.

TranceptEVE predicted at least 60% of the mutations seen for 7 of the 9 H1N1 clades(Fig.S1) and for
10 of the 15 H3N2 clades (Fig.S2). Notably, higher TranceptEVE scores corresponded to mutations
that were seen earlier in the outbreak (Fig. 2C,G), suggesting that more fit or immune-evasive
substitutions are preferentially identified by TranceptEVE. Median TranceptEVE scores decline
over time as more mutations—often with weaker selection advantages—accumulate, consistent with
expectations of mutation saturation over the course of clade evolution, with few mutations emerging
in the later half of the clade’s period of dominance. This is consistent with the plateau of predicted
mutations seen after 2024 (Fig. 2B,F).

Across all models tested, we observe that larger clades have higher precision and that performance on
H1N1 is stronger than H3N2 across all clades (Fig. 3A,B), despite slightly higher H3 representation
in training sets. Among the protein language models tested in this paper, Tranception was the best
performing (Fig. 3A,B,C), while SaProt and ESM1v did worse than the simplest alignment-based
model, the position-specific scoring matrix—consistent with previous viral benchmarking studies
[17]. This is unsurprising given that the model contains many more hemagglutinin sequences as
a result of using Uniref100 as its training set (Fig. 1D), which has been shown to improve variant
effect prediction for viruses [17]. Importantly however, we also see a drop-off in Tranception’s
performance that corresponds with the cutoff date of sequences in its training set (Fig. 1D,Fig.S1,S2).
EVE and EVcouplings are the highest performing alignment-based models, performing on par with
Tranception (Fig. 3C,S1,S2,S3,S4).
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Figure 3: Models predict antigenically relevant, high frequency mutations in H1N1 and H3N2.
A. Model precision and recall B. across all clades in H1N1 and H3N2. Clade datapoint size is
proportional to number of total mutations. Clade datapoint color lightens from oldest to newest date
of emergence. C. Averaged F1 scores weighted by clade size across all models. EVcouplings and
TranceptEVE are the top performing. D,E. TranceptEVE scores (site-level maximum) of the first H1
and H3 models (clade pdm09 and 3C) mapped onto their AlphaFold HA structure highlight high-
scoring regions, especially known epitopes within the head domain. Spheres indicate clade-defining
mutations across all 9 or 15 clades.

Across models, higher scores are assigned to residues in the antigenically-relevant head rather than the
conserved stem domain (Fig. 3D,E). For H1N1 and H3N2, top-ranked residues disproportionately fall
within the canonically defined epitope regions and high-scoring residues often include clade-defining
mutations that mark key antigenic transitions (Fig.S5,S6)). As an example, we highlight the S179N
(S162N in H3 numbering) mutation that defines Clade 6B.1 and was key to finally moving towards
a new vaccine recommendation after six years of the pdm09 strain vaccine. Lateral-patch-binding
pdm09 antibodies could not neutralize this new strain because of this new glycosylation site in the
Sa epitope[37]. EVE–without any training leakage–predicted this mutation as escape (within its top
100) in all three previous clade models: its escape score is in the top 2/3rd of the pdm09 model’s
escape predictions and in the top 1/3rd of Clade 6 and 6B models’ escape predictions (Fig.S1). EVE
predicted the first major immunogenic H1N1 mutation at the very start of the H1N1 pandemic, six
years before its dominance in 2015.

Finally, we use the evolutionary model EVE to show that H1N1 evolution can be predicted during
an earlier antigenic shift event in 1989 while relying on more than 10-fold fewer sequences (Table
S5,Fig. S1,S2). Specifically, it can capture the most frequently occurring mutations while relying on
sequences deposited prior to 1989 (Fig. 4A). Further, almost all the top predicted mutations from
the alignment-based model EVE are seen over this two-decade period (Fig. 4B). All EVE models
outperformed a DMS fitness assay performed on the 1989 H1N1 Siena strain strain[38].

A priority public health question is how evolutionary information from established influenza subtypes
can be used to predict evolution in new emerging subtypes. To begin to answer this question, we
examined how well non-H1N1 influenza evolution can model H1N1. Interestingly, excluding H1N1
sequences from the evolutionary model (Fig. 4A) led to a drop in the recall of the most frequent
mutations. Moreover, exposing the model to future mutations seen in non-H1N1 sequences did not
improve recall ability, in spite of the training set increasing by 100-fold. While this could suggest
that distant influenza subtypes may not necessarily improve evolutionary prediction tasks, we also
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see that each model is able to capture a distinct subset of the mutations frequently seen over the
20-year period. Interestingly, each method captured mutations occurring in antigenic regions of the
HA protein ((Fig. 4C)), yet the overall performance of each is consistent. Understanding how to best
leverage sequence data across influenza subtypes remains is an exciting future direction.

Figure 4: Models can recapitulate H1N1 evolution with very limited historical sequence data.
A. Evolutionary models are able to predict higher frequency mutations better than DMS assays. This
capacity dropped for models excluding historical H1N1 sequences. B. In the 20 years following 1989,
close to 80% of the top predicted mutations were observed. C. The overlap of frequent mutations
(seen > 100 times) that were predicted by each model. Gray represents the total number of mutations
in each category, while red represents the total number in known antigenic regions.

3 Discussion

Our results demonstrate that the highest-performing models that can predict key mutations in the
IAV HA protein are trained on historical evolutionary sequence data from UniRef100, GISAID, or
both. However, PLMs suffered a decrease in performance for later clades where earlier HA strains
represented in training sets become less relevant for variant effect prediction.

We show that the mutations prioritized by models before a clade’s emergence are highly enriched for
those that later become prevalent—even more so than deep mutational scanning assays—and align
with known structural constraints on HA evolution[39]. Furthermore, we find that top performing
models such as TranceptEVE are predictive of not only high-frequency mutations within a clade but
also of the defining mutations of successor clades, highlighting the model’s capacity to anticipate
lineage-defining events (Fig.S5,S6).

While our work was shown to be applied to both pandemic strain and seasonal strains, each has
distinct immunological pressures. A seasonal strain will have some immunological memory, and
mutations that enable antibody escape, with greater differences in exposure histories and more
complicated predictions over time. In contrast, a pandemic strain will initially accumulate mutations
to adapt to humans, followed by drift to escape antibodies. Looking forward, we hope to incorporate
information about existing population immunity in our mutation effect size calculations, building off
EVEscape [40]. We are also working on an epistasis model to combine single mutation scores for
better forecasting of entire vaccine strains. Finally, our results suggest subtype specificity of influenza
sequences used in training shapes the performance of predictive models like EVE. The additon of
cross-subtype sequences did not improve net recall or precision, but may still provide orthogonal
information on how a strain could mutate. Whether more advanced architectures such as protein
language models can better leverage cross-subtype information remains an open question.

Overall, this work offers a complementary strategy to existing models of influenza evolution, many
of which require real-time surveillance data or large-scale experimental datasets. By leveraging
only evolutionary sequence data, computational models enable forecasting of long-term evolutionary
trajectories, offering a scalable data-efficient foundation for the future of vaccine strain selection.
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A Supplemental Methods

A.1 H1N1 Pandemic and Seasonal Evolution

The 2009 "swine flu" pandemic was a novel spillover of H1N1 from pigs, distinct from prior 1918
and 1977 H1N1 pandemics. Between these pandemics, the influenza virus evolved more slowly under
antigenic drift [20].

Following the 2009 pandemic, up to 2 million lives were lost between May and December 2009
along. The 2009 strain then displaced previous H1N1 strains to begin producing seasonal outbreaks.
At the start, mutations primarily resulted in adaptation to humans, for instance increasing binding
to human-like α2,6-linked sialic acids, increasing replication in the respiratory tract, or elevating
droplet transmission[21]. The H1N1 component of seasonal flu vaccines remained unchanged from
the 2009 pdm09 strain until 2017, as circulating viruses maintained similar sera binding profiles
for six years until antigenically distinct variants emerged[41]. 6B.1 viruses obtained mutations in
the Sa antigenic site that caused detectable differences in human post-vaccination sera, and the
H1N1 vaccine component was consequently updated to A/Michigan/45/2015. Since then, antigenic
evolution has dominated, resulting in five vaccine strain updates since 2019.

A.2 H3N2 Seasonal Evolution

In 1968, a new H3N2 influenza strain (A/Hong Kong/1/1968 [HK/68]) first appeared, rapidly causing
a global epidemic through 1972 that resulted in over one million fatalities worldwide [42, 43].
There is no evidence of H3N2 viruses circulating in humans prior to the epidemic. Since then,
seasonal H3N2 has continually circulated in the human population, resulting in multiple epidemics
and significant morbidity and mortality, more so than either H1N1 or influenza B. H3N2 viruses
have also undergone antigenic change at higher rates than H1N1 viruses, and have lower vaccine
effectiveness. Major antigenic transitions have since occurred, such as A/Sydney/5/1997-like strains
and A/Fujian/411/2002-like strains. Following the 2009 H1N1 pandemic, H3N2-dominant seasons
remained more frequent than H1N1 seasons, but H3N2 viruses showed reduced dominance compared
to pre-2009 levels [44]. This decline in H3N2 predominance appears linked to increased genetic and
antigenic diversification of H3N2, with multiple lineages with similar fitness co-circulating in each
season, including vaccine strain updates most years. Antigenically distinct lineages 3C.2a and 3C.3a
co-ciruclated beginning in 2012, and have since undergone further diversification.

A.3 Defining clades of H1N1 and H3N2

A historical challenge in evaluating influenza models has been the absence of well-defined baseline
reference sequences from which key mutations emerged. To address this, we perform phylogenetic
analysis of H1N1 and H3N2 clades using the annual and interim reports sent from the Worldwide
Influenza Centre at the Francis Crick Institute to the WHO to inform vaccine composition[7]. Tracking
the evolution of H1N1 and H3N2 from 2009 using these reports, we defined each emerging clade’s
characteristic mutations, noted which years it was dominant, and identified its basal, or earliest,
strain. We used the basal strain as reference sequences for modeling each clade, reverting any
unique adaptations (e.g., egg-passaged Q240R) to ensure that the reference only contained the clade’s
characteristic mutations from the A/(H1N1)pdm09 sequence and the preceding clade. We examined
the following 9 nested clade lineages for H1N1: pdm09, 6, 6B, 6B.1, 6B.1A, 6B.1A.5a, 6B.1A.5a.2,
6B.1A.5a.2a, and 6B.1A.5a.2a.1. We examine the following 15 clade lineages for H3N2: 3C, 3C.2,
3C.3, 3C.2a, 3C.3a, 3C.2a1, 3C.3a1, 3C.2a2, 3C.2a1b.1, 3C.2a1b.2, 3C.2a1b.2a.2, 3C.2a1b.2a.2a.1,
3C.2a1b.2a.2a.3, 3C.2a1b.2a.2b, 3C.2a1b.2a.2a.3a.1.

A.3.1 Assembling per-clade model training sets

We assembled a training dataset of all full-length influenza A hemagglutinin protein sequences from
the Global Initiative on Sharing All Influenza Data (GISAID) database[13], comprising 365,500
full-length sequences submitted before January 1, 2025.

Alignment-based models rely on generating a multiple sequence alignment, or MSA. To therefore
generate an MSA per clade, we filtered the full Influenza A dataset to include only sequences collected
before that clade’s emergence, then deduplicated and aligned them to the identified clade reference.

9



Real-time Forecasting of Influenza Evolution

A.3.2 Assembling per-clade model test sets

Each model was evaluated on a corresponding test dataset containing all human sequences collected
during the 2-4 year period that clade was dominant and annotated as belonging to that clade or its
derivative subclades. For instance, sequences labeled 6B.1 or 6B.1A were included in the test set
for the clade 6B model. We assigned clade labels based on our identified characteristic mutations,
requiring only the new mutations specific to the child clade rather than cumulative acquisition of all
ancestral mutations. To ensure this assumption would not mischaracterize strains, we verified the
majority of strains assigned to a given clade contained at least 80% of the clade’s ancestral mutations.

A.4 Alignment-based models

A.4.1 PSSM

Position-specific scoring matrix (PSSM) models assume each position in the protein evolves indepen-
dently and assigns a prediction score for each mutation dependent on its frequency in the alignment.
We used the site-wise maximum entropy model as implemented in[14].

A.4.2 EVmutation

To predict the effects of mutations that explicitly captures pairwise residue dependencies between
positions, we used EVmutation as implemented in[14].

A.4.3 EVE

To predict the effects of mutations capturing high-order dependencies between positions, we used
EVE, a Bayesian VAE model architecture, as implemented in[15]. We use single EVE models, rather
than an ensemble of independent models as was reported in[16]. Note, that we use the negative of the
evolutionary index reported by the model.

A.5 Protein language models

A.5.1 Tranception

Tranception [25] combines an autoregressive protein language model with inference-time retrieval
from a MSA. We used Tranception Large (700M parameters) trained on UniRef100 using only the
autoregressive inference without MSA retrieval as implemented in ProteinGym [19].

A.5.2 ESM-1v

ESM-1v [24] has a Transformer encoder architecture similar to BERT [Devlin et al., 2019] and was
trained with a Masked-Language Modeling (MLM) objective on UniRef90. We use the implementa-
tion presented in ProteinGym [19] to handle sequences that are longer than the model context window
(i.e., 1023 amino acids).

A.5.3 SaProt

SaProt [32] introduces a structure-aware vocabulary, into protein language modeling by training on
Foldseek [45] 3Di tokens which represent the local geometric conformation information of each
residue relative to its spatial neighbors. These 3Di tokens are combined with typical amino acid
residue tokens as input to the SaProt model, which utilizes an ESM-2 Transformer architecture
[28] but expands the embedding layer to encompasses 441 structurally-aware tokens instead of the
original 20 amino acid residue tokens. We use both SaProt-650M-AF2, trained on approximately 40
million AF2 sequences/structures (from UniRef50) which notably excludes all viral proteins, and
SaProt-650M-PDB, which continuously pre-trains the SaProt-650M-AF2 model on the PDB.

For structure inputs to Foldseek calculation, we fold monomeric forms of each DMS or WHO viral
protein with AlphaFold3, where structures had not been folded previously in ProteinGym.

10
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A.6 Hybrid models

A.6.1 SaProt-EVE

SaProt-EVE[17] combines the alignment-based, family-specific models with protein language models
[17]. In this case, they use EVE and SaProt-PDB. Missing single mutation scores for EVE are first
imputed based on the mean. Then, scores per model are standard scaled and shifted to be positive,
and combined by taking the geometric mean.

A.6.2 VESPA

VESPA [34] combines the embeddings from ProtT5 [46] with a per-residue conservation prediction
and supplements with BLOSUM substitution scores[47]. ProtT5 uses a T5 architecture which uses
an encoder and decoder and was first trained on BFD and then finetuned on UniRef50.

A.6.3 Tranception with MSA retrieval

Tranception [25] combines an autoregressive protein language model with inference-time retrieval
from a MSA. We used Tranception Large (700M parameters) trained on UniRef100 as implemented
in ProteinGym. For retrieval, we use the same MSA (with the bit score and database chosen via
the confidence metrics) as in alignment-based methods section. The MSA is not directly trained
on, but retrieval inference uses the empirical distribution of amino acids observed across sequences
in the MSA retrieved set of homologous sequences calculated via pseudocounts with Laplace
smoothing[19]. Sequences are re-weighted as in[14]. The final log likelihood is a weighted average
from autoregressive inference and the MSA log prior. The optimal aggregation coefficient was found
to be 0.6 by grid search on a subset of DMSs.

A.6.4 TranceptEVE

TranceptEVE[33] is a hybrid method that combines Tranception[25] with an MSA-based EVE log
prior[15]. The same EVE log prior is used to score all sequences of interest. Unlike Tranception, the
aggregation coefficients used for both the EVE log prior and the MSA log prior are dependent on the
depth of the retrieved MSA for a given protein family. If the protein family of interest has no or very
few homologs, the autoregressive transformer is relied on, while if the MSA is deeper, the MSA and
EVE log priors are weighted higher.

A.7 Mutation effect scoring

Generative models learn from the distribution of protein sequences collected as a result of billions of
evolutionary experiments to capture the biochemical and structural constraints governing functional
proteins. These models are trained to learn the distribution of natural, functional sequences.

For a given protein x composed of residues (x1, x2, ..., xL) the relative fitness of mutated protein
compared to its wild-type can be calculated in the following ways depending on the modeling
objective.

The fitness of a mutant sequence xmutant is calculated as:

log
P (xmutant)

P (xwildtype)

For Tranception[25], an autoregressive model, the likelihood of x factorizes via the chain rule and is
calculated as:

P (x) =
1

2

[ L∏
i=1

P (xi|x<i) +

L∏
i=1

P (xi|x>i)
]

In the masked language model setting, for ESM-1v [24] and SaProt [32], we use the masked marginal
scoring function instead:
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∑
i∈M

log
P (xi = xmutant

i | x−M )

P (xi = xwildtype
i | x−M )

where x−M is the sequence x with masked residues at all mutated position M . Since we only
consider single amino acid substitutions in this work, M contains only a single position.

For a VAE, as in EVE[15], where the exact computation of log likelihood of a sequence is intractable,
we approximate it with the Evidence Lower Bound (ELBO) used to optimize the VAE:

log
P (xmutant)

P (xwildtype)
≈ ELBO(xmutant)− ELBO(xwildtype)
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B Supplementary Figures

Supplementary Figure S1: Cumulative percentage of model-predicted mutations observed in each
H1N1 clade over time.

13



Real-time Forecasting of Influenza Evolution

Supplementary Figure S2: Cumulative percentage of model-predicted mutations observed in each
H3N2 clade over time.
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Supplementary Figure S3: Percent of highest frequency mutations in H1N1 clades that were
predicted by models.
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Supplementary Figure S4: Percent of highest frequency mutations in H3N2 clades that were
predicted by models.
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Supplementary Figure S5: Distribution of mutations seen in H1N1 clades and their TranceptEVE
scores. High-scoring residues are often defining mutations for the subsequent clade (marked with a +
sign). Prediction threshold (top 100) marked in purple.
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Supplementary Figure S6: Distribution of mutations seen in H3N2 clades and their TranceptEVE
scores. High-scoring residues are often defining mutations for the subsequent clade (marked with a +
sign). Prediction threshold (top 100) marked in purple.
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Supplementary Figure S7: Precision varies based on the threshold used for selecting top mutations.
A threshold value of 100 was selected.

Supplementary Figure S8: Recall varies based on the threshold used for selecting top mutations. A
threshold value of 100 was selected.
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Supplementary Figure S9: TranceptEVE-predicted escape residues are consistently enriched in
known head epitopes compared to a background expectation. The background distribution is based
on epitope size.
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Supplementary Figure S10: Performance of the PLM Tranception drops for later clades starting in
2020, which are likely to contain mutations not seen in the model’s training set. Alignment-based
methods such as EVCouplings overtake Tranception.
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C Supplementary Tables

Supplementary Table S1: Summary information for each H1N1 clade, including defining muta-
tions, years dominant, basal reference strain, and training/testing alignments summaries. Mutation
numbering is relative to the length of the full HA sequence from 1–566. Vaccine strains in bold.

Supplementary Table S2: Summary information for each H3N2 clade, including defining muta-
tions, years dominant, basal reference strain, and training/testing alignments summaries. Mutation
numbering is relative to the length of the full HA sequence from 1–566. Vaccine strains in bold.
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Supplementary Table S3: Recommendations for influenza vaccine composition, H1N1 component,
from the World Health Organization [41] (southern and northern hemisphere influenza seasons
combined).

Supplementary Table S4: Recommendations for influenza vaccine composition, H3N2 component,
from the World Health Organization [41] (southern and northern hemisphere influenza seasons
combined).
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Supplementary Table S5: Summary information of models trained to predict evolution of the H1N1
A/Siena/10/1989 strain.
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