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Abstract
Accurate prediction of the transmission fitness of emerging
SARS-CoV-2 variants is vital for timely public health re-
sponses. In this study, we present a deep learning framework
that predicts variant fitness from raw genomic sequences us-
ing a convolutional neural network (CNN) trained to regress
Differential Population Growth Rate (DPGR) values. Our ap-
proach achieves high predictive accuracy (R2 = 0.9168,
MSE ≈ 1.94 × 10−4) on genomic sequences sampled from
the USA and Europe. To interpret the model’s predictions,
we apply SHapley Additive exPlanations (SHAP) to iden-
tify nucleotide-level contributions to predicted fitness. Our
analysis highlights key mutations in ORF9 (nucleocapsid),
ORF2 (spike), ORF5 (membrane), and ORF8 that either en-
hance or reduce predicted DPGR. Notably, we identify amino
acid–altering mutations such as D3L, E484K, N501Y, and
V97I as strong positive contributors to fitness, while synony-
mous or non-coding mutations had more subtle or regula-
tory effects. These findings validate the potential of sequence-
based modeling and interpretable AI to support early detec-
tion and prioritization of high-risk variants.

Introduction
The Severe Acute Respiratory Syndrome coronavirus 2
(SARS-CoV-2) is responsible for the coronavirus disease
(COVID-19) pandemic which resulted in millions of deaths
globally (Jha, Brown, and Ansumana 2022). SARS-CoV-2
belongs to the Betacoronavirus group; the same phyloge-
netic group as the SARS and MERS viruses, which have pre-
viously resulted in widespread disease outbreaks (Singh and
Yi 2021). As an RNA virus, SARS-CoV-2 evolves rapidly,
and this rapid evolution is as a result of the rate at which
mutations occur within its genome and spread through var-
ious populations (Markov et al. 2023). In late 2020, there
was an emergence of new and more severely mutated SARS-
CoV-2 variants (Kung et al. 2025). They were character-
ized by an increase of non-synonymous mutations found
mainly in the spike protein (Carabelli et al. 2023). These
variants also expressed distinctive phenotypes, particularly
in the way they bind to and interact with the immune sys-
tem and in their transmissibility (Carabelli et al. 2023). As
of September 2022, the World Health Organization had de-
clared five of these variants; Alpha, Beta, Gamma, Delta,
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and Omicron, as variants of concern (VOC) (Ahmad, Fawaz,
and Aisha 2022). These VOCs are distinguished by their
heightened fitness (i.e., spreading potential in the host popu-
lation (Ito et al. 2025). Viral fitness is influenced by various
factors such as its ability to elude innate immunity, its effi-
ciency in replicating within the host cells and how well it can
elude population-level immunity (Ito et al. 2025). Genotype-
fitness relationships are important to assess because they can
highlight the specific mutations that promote viral fitness
(Ito et al. 2025).

We operationalize transmission fitness as a population-
level growth advantage estimated from surveillance trajec-
tories via the Differential Population Growth Rate (DPGR);
see Methodology section for the formal definition. The ulti-
mate goal of assessing this relationship is to develop compu-
tational models that can make accurate predictions by iden-
tifying high-risk variants shortly after they are detected, to
control the spread of disease.

The remainder of this paper is structured as follows. Sec-
tion reviews existing literature on viral fitness estimation
and sequence-based predictive models. Section presents the
derivation of Differential Population Growth Rate (DPGR),
dataset construction from GISAID sequences, and the de-
sign of the regression model. Section reports the model’s
performance and interpretability findings using SHAP. Sec-
tion analyzes key genomic features contributing to trans-
mission fitness across variants. Finally, Section presents the
conclusions and outlines potential future directions.

Related Work
The emergence and rapid evolution of SARS-CoV-2 VOCs
has resulted in the need for more complex computational
approaches to model viral fitness. Accurately modeling the
viral fitness of VOCs is critical for epidemiological forecast-
ing and pandemic response as it enables public health au-
thorities to anticipate variant spread patterns and implement
targeted interventions. However, traditional parametric mod-
eling approaches face significant challenges when applied to
rapidly evolving viral populations, particularly in account-
ing for sampling biases and inability to align with real-world
viral dynamics (Pantho et al. 2025). To address these limita-
tions, the differential population growth rate (DPGR) model
has been proposed as a data-driven approach that uses vi-
ral strains as internal controls to reduce sampling bias er-
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rors (Pantho et al. 2025). DPGR represents a methodolog-
ical advancement through its pairwise comparative frame-
work, employing straightforward log-linear regression to es-
timate relative fitness between two viral strains (Pantho et al.
2025). Its additive distance framework allows it to infer fit-
ness landscapes and construct distance matrices that capture
the rapid evolutionary shifts among SARS-CoV-2 variants
(Pantho et al. 2025). The increase in artificial intelligence
(AI) methods, particularly deep learning, to advance global
health prediction and prevention strategies in current times
can be attributed to the COVID-19 pandemic (Lytras et al.
2025). AI offers the potential to capture complex, nonlinear
relationships (Min, Lee, and Yoon 2017) between genotypes
and phenotypes, which traditional models often fail to de-
tect, (Sehrawat, Najafian, and Jin 2023) which is crucial for
pandemic prediction. Specifically, convolutional neural net-
works (CNNs) have immense potential in this area. They
consist of convolutional layers that can automatically ex-
tract features and identify both local and global features,
and can handle 1D input data such as sequences (LeCun,
Bengio, and Hinton 2015; Washburn et al. 2021). They also
highly adaptable and can be applied on a wide range of
input data, and with sufficient data and good design they
can perform robustly even on lower-quality datasets (Qin
et al. 2019). Hatami et al. developed a Convolutional Neu-
ral Network (CNN) model that accurately pinpoints spe-
cific nucleotide alterations and their corresponding pheno-
typic changes compared to traditional analytical methods
(Hatami et al. 2024). Unlike traditional genome-wide asso-
ciation studies (GWAS), the CNN model successfully iden-
tified common spike gene mutations that GWAS failed to
detect (Hatami et al. 2024). This advantage likely stems
from CNNs’ ability to capture complex, non-linear relation-
ships between sequence features and phenotypic outcomes,
whereas GWAS approaches are limited by their assumption
of linear associations and independence between genetic
variants (Hu, Darabos, and Urbanowicz 2020). CoVFit, a
protein language model introduced by Ito et al., uses mul-
titask learning in combination with deep mutational scan-
ning data to predict the fitness of novel SARS-CoV-2 vari-
ants, including highly divergent lineages like XBB (Ito et al.
2025). Despite the XBB lineage differing by approximately
15 amino acids from the training data, CoVFit maintained
accurate predictions. According to ablation studies, CoV-
Fit’s success likely results from its innovative combination
of multitask learning with deep mutational scanning data
(Ito et al. 2025). This approach suggests that protein lan-
guage models can capture generalizable evolutionary prin-
ciples that extend beyond their training data. Donker et al.
(Donker et al. 2024) presented an alternative approach that
uses only nucleotide information from genomic surveillance
to directly estimate SARS-CoV-2 fitness gains based solely
on the abundance of single nucleotide polymorphisms. Their
method sidesteps lineage-level models and instead derives
fitness from the changing prevalence of individual mutations
over time. Their method addresses a fundamental challenge
in viral fitness estimation: the difficulty of tracking chang-
ing linear proportions of particular lineages over time, which
traditional fitness estimation methods typically rely upon

(Donker et al. 2024). Elkin et al. developed Deep Novel
Mutation Search (DNMS), a deep learning approach that
uses neural networks to model protein sequences for pre-
dicting mutations (Elkin and Zhu 2025). Using the SARS-
CoV-2 spike protein as the target, they applied a protein
language model to detect novel mutations with a method-
ological innovation that distinguishes their work from pre-
vious studies (Elkin and Zhu 2025). Unlike previous ap-
proaches where predictions typically depend on mutations
of reference sequences, DNMS implements a ’parent-child
mutation’ framework where predictions are generated from
parent sequences serving as templates for mutation model-
ing (Elkin and Zhu 2025). Advances in artificial intelligence
coupled with growing availability of genomic datasets, will
continue to enhance our ability to estimate viral fitness di-
rectly from genomic sequences. Sequence-based predictive
models offer robust alternatives to traditional epidemiolog-
ical frameworks by capturing complex, nonlinear relation-
ships between mutations and viral phenotypes.

Methodology
Differential Population Growth Rate (DPGR):
Definition and Derivation
Transmission fitness is operationalized as the relative ex-
ponential growth advantage between two variants within a
fixed region and short time window where log-linear dy-
namics hold. Let N1(t) and N2(t) denote weekly counts (or
frequencies). When the log-ratio is approximately linear in
time,

log

(
N1(t)

N2(t)

)
= (g1−g2) t+C = DPGR1,2 t+C, (1)

the slope DPGR1,2 := g1 − g2 serves as a population-level
proxy for relative transmission fitness (positive values indi-
cate variant 1 grows faster than variant 2 in that context).

Following Pantho et al. (Pantho et al. 2025), exponen-
tial growth within selected observation windows is assumed,
characterized by clear log-linear trends. Variant populations
(N1 and N2) with respective growth rates g1 and g2, and
initial populations N1,0 and N2,0, are modeled as

N1(t) = N1,0 e
g1(t−T1), N2(t) = N2,0 e

g2(t−T2), (2)

where t is observational time and T1, T2 allow temporal
phase offsets. The ratio becomes

N1

N2
=

N1,0

N2,0
e(g1−g2)t+(−g1T1+g2T2) = C1 e

(g1−g2)t+C2 ,

(3)
with constants C1, C2 absorbing initial conditions and off-
sets. Taking logarithms yields

log

(
N1

N2

)
= (g1 − g2) t+ C, (4)

so the DPGR equals the slope (g1 − g2) of the linear fit to
the log-ratio.
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Practical estimation and sign convention DPGR1,2 is
estimated via ordinary least squares on log(N1/N2) within
sliding windows of W weeks (typically W ∈ [4, 12]), re-
taining windows that satisfy R2 > 0.9 and p < 0.05
for the slope. Throughout, the supervised target is y =
DPGRref, target computed per region and window; by con-
vention y > 0 indicates the target variant grows faster than
the reference.

Sampling and population context. Because DPGR is
defined on ratios, many nondiscriminatory sampling ef-
fects approximately cancel, offering robustness to common
genomic-surveillance biases. DPGR remains a population-
level proxy that implicitly aggregates contemporaneous im-
munity, interventions, and testing practices.

Indirect Estimation of DPGR Due to sampling con-
straints, direct comparative observations between certain
variant pairs were not always feasible. To address this, in-
direct estimation of DPGR was employed by leveraging in-
termediate variants. Utilizing the additive property of loga-
rithmic transformations, indirect DPGR estimation is math-
ematically represented as:

DPGRA,C = DPGRA,B + DPGRB,C (5)

This relationship was essential in estimating DPGR for
variants without direct observational overlaps. For instance,
in cases where direct co-sampling of the Alpha and Delta
variants was limited, an intermediate Beta variant allowed
indirect DPGR estimation through:

DPGRAlpha, Delta = DPGRAlpha, Beta + DPGRBeta, Delta (6)

This approach significantly enhanced the method’s ro-
bustness and expanded its applicability, particularly in real-
world surveillance contexts marked by incomplete or asyn-
chronous data. The detailed derivation and indirect esti-
mation methods, as proposed by Pantho et al. in (Pantho
et al. 2025), provide a comprehensive and statistically robust
framework for accurately estimating comparative transmis-
sion fitness among SARS-CoV-2 variants.

Application of indirect DPGR estimation The indirect
estimation method described above was practically imple-
mented to derive DPGR values presented in Table 1 and Ta-
ble 2. This method was particularly critical in cases where
direct co-sampling was limited, such as for the Alpha and
Delta variants. Leveraging the Beta variant as an intermedi-
ate, the DPGR value for Delta versus Alpha was calculated
using the additive property of DPGR:

DPGRDelta, Alpha = DPGRDelta, Beta + DPGRBeta, Alpha (7)

From the USA dataset provided (Table 1), the following
calculation explicitly illustrates this indirect estimation pro-
cess:

• DPGR (Beta vs. Alpha): 0.002825 (direct regression)
• DPGR (Delta vs. Beta): 0.006088 (direct regression)

• DPGR (Delta vs. Alpha): 0.002825 + 0.006088 =
0.008913 (indirect estimation)

Similarly, for Omicron relative to Alpha, the DPGR was
estimated indirectly through sequential intermediate vari-
ants:

• DPGR (Omicron vs. Delta): 0.009315 (direct regression)
• DPGR (Delta vs. Alpha): 0.008913 (previously com-

puted indirectly)
• DPGR (Omicron vs. Alpha): 0.009315 + 0.008913 =
0.018228 (indirect estimation)

The neighbor-joining method proposed by Saitou and Nei
(Saitou and Nei 1987) was utilized by Pantho et al. in
(Pantho et al. 2025) to construct phylogenetic relationships
among these variants based on computed DPGR distances,
effectively visualizing evolutionary trajectories and relation-
ships among variants as shown in Figure 1 for USA. Thus,
the indirect estimation technique significantly augmented
the robustness and interpretability of DPGR measures, en-
abling comprehensive analysis even in scenarios with in-
complete direct co-sampling data.

Figure 1: Neighbor-join Tree for VOC. Location is USA

Variant DPGR vs. Alpha
Alpha 0.000000
Beta 0.002825
Delta 0.008913
Omicron 0.018228

Table 1: DPGR Values for SARS-CoV-2 Variants Relative to
Alpha in the USA (Derived via Direct and Indirect Methods)

Variant DPGR vs. Alpha
Alpha 0.000000
Beta 0.012587
Delta 0.044362
Omicron 0.117089

Table 2: DPGR Values for SARS-CoV-2 Variants Relative to
Alpha in Europe (Derived via Direct and Indirect Methods)
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Dataset Construction from GISAID Sequences
To enable predictive modeling of relative transmission fit-
ness across SARS-CoV-2 variants, we constructed a labeled
dataset using publicly available viral genome sequences
from the GISAID database (Shu and McCauley 2017). This
dataset combines raw sequence information, curated meta-
data, and fitness labels expressed as Differential Population
Growth Rate (DPGR) values.

Data Acquisition and Cleaning SARS-CoV-2 genome
sequences were downloaded from the GISAID database
(Shu and McCauley 2017), along with associated metadata
including variant lineage, geographic location, and collec-
tion date. Only entries with complete metadata and valid
timestamp annotations were retained. Pango lineages were
mapped to standardized WHO variant labels (e.g., Alpha,
Beta, Delta, Omicron), and collection dates were grouped
into epidemiological weeks to align with temporal splits and
with the regional DPGR windows reported in Tables 1 and
2. We focused on two well-sampled regions:(1) USA and
(2) Europe over the period January 2020 to May 2022, dur-
ing which these variants exhibited substantial co-circulation
(Robles-Escajeda et al. 2023; Pascall et al. 2023). A total of
6,950 sequences were collected from Europe and 5,690 from
the USA. The variant distribution within each region was as
follows:

• USA: Delta (2,122), Omicron (1,828), Alpha (1,304),
Beta (436)

• Europe: Alpha (2,192), Omicron (1,815), Delta (1,686),
Beta (1,257)

To ensure fair learning and unbiased prediction across dif-
ferent variant types and regions, the dataset used for regres-
sion training and testing was balanced with respect to both
variant class and geographic origin. This careful curation
enabled robust generalization in downstream modeling and
minimized over-representation bias.

DPGR label assignment For this study, transmission-
fitness labels are not recomputed from surveillance win-
dows. Instead, fixed DPGR values reported in Tables 1 and 2
from prior work (Pantho et al. 2025) are used as external tar-
gets. Extension to additional regions is planned to broaden
geographic coverage. Each sequence s with lineage/variant
v(s) and region r(s) ∈ {USA,Europe} is annotated with

y(s) = DPGR
r(s)
ref→v(s) ∈ R,

looked up from the corresponding regional table. The sign
convention follows the tables: y > 0 indicates that v(s) ex-
hibits higher population-level transmission fitness than the
reference in region r(s) over the reported window(s). No re-
computation of DPGR uses the sequences in this dataset.

These values are based on region-specific comparisons of
weekly variant prevalence and are assigned according to a
reference variant (e.g., Alpha). In that prior work (Pantho
et al. 2025), DPGR values were obtained either by direct re-
gression on co-circulating variant pairs or, when pairs were
not concurrently observed, by indirect inference using the

additive relationships between variant fitness values, as de-
scribed earlier. This process yields a fitness score derived
from empirical frequency dynamics, enabling a consistent
and interpretable regression target across all variants and re-
gions.

Label sensitivity and provenance. The DPGR labels
used in this study are fixed external estimates sourced from
prior work (Pantho et al. 2025), where sensitivity to win-
dow start/length and linearity criteria was systematically an-
alyzed (e.g., retaining windows with R2 > 0.9 and p <
0.05; see Supplementary Fig. S14 in (Pantho et al. 2025)).
The values reported in Tables 1 and 2 inherit these crite-
ria; only windows meeting the designated thresholds were
included. No additional DPGR re-estimation or sensitiv-
ity sweep is performed here; the present model evaluates
sequence→DPGR mapping conditional on those vetted la-
bels.

Sequence Encoding and Feature Engineering Genomic
sequences were preprocessed by replacing any ambiguous or
non-standard nucleotide symbols with a placeholder token.
All sequences were one-hot encoded using seven nucleotide
channels: a, t, c, g, n, -, and i, where the last two repre-
sent gaps and ambiguities, respectively. Each sequence was
padded or truncated to a fixed length of 29,891 positions,
resulting in input tensors of shape (29891, 7). This encod-
ing ensured uniform input structure and preserved mutation
patterns and sequence variability relevant to transmission fit-
ness.

Final Dataset Schema The resulting dataset consisted of
the following elements:
• Input features: One-hot encoded sequence matrices of

size (29891× 7).
• Target label: A scalar DPGR value corresponding to the

variant’s inferred transmission advantage.
• Metadata: Variant label, geographic region, and week of

collection.
This structured dataset formed the basis for train-

ing machine learning models to predict DPGR from
raw genomic sequences, thereby enabling indirect esti-
mation of variant fitness from emerging or unsampled
genomes. For model development, an i.i.d. (Independent
and Identically Distributed), stratified random 10:20:70 split
(train:validation:test = 70%:10%:20%) was applied at the
sequence level, stratified by region and variant to preserve
class balance.

Regression Model Development
To predict the Differential Population Growth Rate (DPGR)
from genomic sequences, we trained a deep convolutional
neural network (CNN) using one-hot encoded viral genome
inputs and scalar DPGR values as regression targets. The
model was implemented using TensorFlow and Keras, with
hyperparameters optimized through automated tuning.

Model Architecture The model as shown in Figure 2 fol-
lows a sequential architecture beginning with three 1D con-
volutional blocks, each followed by max pooling layers for
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dimensionality reduction. The convolutional layers progres-
sively extract local nucleotide patterns at different resolu-
tions.
• Input shape: (29891, 7) — one-hot encoded genome se-

quences with 7 nucleotide channels.
• Conv1D layer 1: 76 filters, kernel size 3, stride 2.
• Conv1D layer 2: 54 filters, kernel size 5, stride 2.
• Conv1D layer 3: 18 filters, kernel size 6, stride 2.
• MaxPooling: Applied after each convolutional layer,

with pool size 2 and stride size 3.
• Flatten: Converts final feature map to a flat vector.
• Fully connected layers: Four dense layers with [4536,

1500, 628, 66] neurons respectively.
• Output: A single neuron with linear activation to output

the predicted DPGR value.
Layer normalization is applied after each dense layer to

stabilize training. No dropout was used, and the final model
has 19,103,225 trainable parameters.

Regularization and Optimization To mitigate overfit-
ting, L1 regularization was applied with a weight of 0.0001.
No L2 regularization was used. The model was optimized
using Stochastic Gradient Descent (SGD) with the follow-
ing configuration:
• Optimizer: SGD with momentum = 0.8 and Nesterov

acceleration enabled.
• Learning rate: 0.0023 (tuned via hyperparameter

search).
• Loss function: Mean Squared Error (MSE).

Hyperparameter Tuning and Evaluation Hyperparame-
ters such as filter sizes, kernel sizes, dense layer widths, and
learning rate were selected using automated hyperparame-
ter tuning with KerasTuner. The best-performing configura-
tion yielded a final validation loss (MSE) of approximately
1.94×10−4, indicating strong agreement between predicted
and actual DPGR values.

This CNN-based regression model serves as the backbone
of our framework, learning to map complex nucleotide pat-
terns to relative transmission fitness encoded as DPGR val-
ues.

Results
Model Performance
The regression model exhibited robust predictive perfor-
mance in estimating the Differential Population Growth
Rate (DPGR) from genomic sequence data. Initially, the
training and validation loss metrics displayed a rapid de-
crease within the first 100 epochs, indicating efficient learn-
ing and rapid convergence toward an optimal solution, as
illustrated in Figure 3. After this initial phase, both met-
rics stabilized and maintained consistent low values, signi-
fying that the model reached and maintained a global min-
imum effectively. More specifically, the training and vali-
dation Mean Squared Error (MSE) values achieved conver-
gence at approximately 1.94 × 10−4, reflecting a remark-
ably low prediction error across the dataset. This alignment

between the training and validation error rates further high-
lights the strong generalization capabilities of the model,
suggesting minimal susceptibility to overfitting despite the
complexity of genomic feature patterns. To quantitatively
evaluate predictive accuracy, a scatter plot comparing pre-
dicted versus actual DPGR values (Figure 4) was analyzed.
This visual assessment revealed a very tight clustering of
predictions around the ideal prediction line, demonstrating
the model’s accuracy and consistency. The statistical eval-
uation of this relationship yielded a high coefficient of de-
termination (R2) value of 0.9168, indicating that the model
effectively accounted for approximately 91.68% of the vari-
ance present in the actual DPGR measurements. This result
underscores the model’s exceptional ability to capture in-
tricate genomic features associated with viral transmission
fitness.

Overall, these detailed performance metrics and evalua-
tions confirm the robustness and reliability of the convolu-
tional neural network (CNN) architecture employed, vali-
dating its capacity to accurately discern complex genomic
determinants of variant transmissibility from raw nucleotide
sequence data.

SHAP-Based Interpretability of Genomic Features
To rigorously quantify the influence of specific genomic mu-
tations on the predicted Differential Population Growth Rate
(DPGR), SHapley Additive exPlanations (SHAP) analysis
was employed. SHAP values provide a method rooted in co-
operative game theory to interpret individual contributions
of each feature (here, specific nucleotide mutations) to the
final prediction of the regression model (Lundberg and Lee
2017). The waterfall plots depicted in Figure 5 illustrate how
these genomic mutations cumulatively influence the pre-
dicted DPGR for each SARS-CoV-2 variant. In these SHAP
plots, each mutation is represented by a bar that contributes
positively (red) or negatively (blue) to the final model pre-
diction. The length and direction of each bar indicate the
magnitude and type of contribution, respectively. The base
value E[f(x)] represents the average predicted DPGR across
the entire dataset, while f(x) represents the specific predic-
tion for the genomic sequence in question. The bars thus
depict how individual mutations either increase or decrease
the predicted DPGR relative to this baseline.

Detailed interpretation per variant is as follows:

• Alpha Variant: The mutations in ORF9
(Nucleocapsid) and ORF5 (Membrane)
proteins exhibited predominantly negative contributions
(blue), slightly lowering predicted fitness relative to
the baseline. These mutations reflect moderate, yet
biologically meaningful, impacts on the variant’s
transmissibility.

• Beta Variant: Highlighted contributions from ORF2
(Spike) and ORF9 (Nucleocapsid) mutations
were largely negative (blue), indicating their limited en-
hancement of fitness in comparison to the baseline pre-
diction. This aligns with known epidemiological obser-
vations of the Beta variant’s moderate transmissibility.
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Figure 2: Model Architecture

Figure 3: CNN Model Training and Validation Loss and MSE

• Delta Variant: Mutations within ORF8, ORF9
(Nucleocapsid), and ORF5 (Membrane)
proteins had mixed contributions, with positive (red)
and negative (blue) SHAP values indicating complex

interactions among mutations. Notably, key positive
mutations underscore the Delta variant’s elevated fitness
observed epidemiologically.

• Omicron Variant: Mutations in ORF5 (Membrane),
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Figure 4: Test data Coefficient of Determination (R2 =
0.9168) value

ORF2 (Spike), and ORF8 proteins showed strongly
positive contributions (red bars), significantly elevating
the predicted fitness. This robust positive contribution
aligns closely with Omicron’s observed higher transmis-
sibility and immune evasion properties.

Overall, the SHAP analysis provides a scientifically ro-
bust method for interpreting the regression model’s predic-
tions at the mutation level, clarifying how individual ge-
nomic features collectively determine the DPGR. These in-
sights are invaluable for understanding variant-specific evo-
lutionary trajectories and guiding public health strategies.

Discussion
This study introduces a rigorous CNN-based approach. to
predicting the transmission fitness of SARS-CoV-2 vari-
ants directly from genomic sequences, using the Differen-
tial Population Growth Rate (DPGR) as a proxy. The model
demonstrated high predictive accuracy, with a mean squared
error (MSE) of approximately 1.94× 10−4 and a strong co-
efficient of determination (R2 = 0.9168), indicating that it
effectively captures sequence-to-fitness relationships. How-
ever, the true strength of this framework lies in its inter-
pretability, made possible through SHapley Additive exPla-
nations (SHAP) which enables a mechanistic understanding
of how specific nucleotide mutations contribute to transmis-
sion fitness.

The SHAP analysis provided mutation-level insights for
each major variant. For the Alpha variant, the most influen-
tial features were mutations such as G28280C and T28282A,
both located in ORF9 (nucleocapsid), corresponding to the
amino acid change D3L. These mutations contributed neg-

atively to the predicted fitness, consistent with the Alpha
variant’s moderate transmission advantage (Liu et al. 2022).
Other contributing mutations like A28363A and A28365A
also mapped to ORF9, though their exact protein-level im-
plications are less well characterized. C26577G (ORF5) was
observed but does not result in an amino acid change; it cor-
responds to S83S, a synonymous substitution in the mem-
brane protein that is unlikely to alter protein function but
may still impact regulatory or structural genome contexts
(Bailey, Morales, and Kassen 2021) .

For the Delta variant, the top features included deletions
such as A28249- and T28252- in ORF8, and a non-coding
region deletion A68-. These mutations had mixed SHAP
values, with both positive and negative contributions. The
ORF8 deletions may suggest structural disruption or altered
immune modulation, which have been documented in pre-
vious studies. Mutations A28365A (ORF9, N protein) and
C26577G (ORF5) were also observed, again suggesting that
non-spike regions significantly influence model predictions.

In the case of the Beta variant, prominent mutations
included G23012A and C22995C in ORF2 (spike pro-
tein), likely corresponding to amino acid mutations E484K
and N501Y, both associated with immune escape (Harvey
et al. 2021; Tian et al. 2021). Additionally, A28365A and
A28363A in ORF9 were again detected. C26577G (ORF5,
synonymous S83S) was also noted, consistent with its recur-
rence in other variants.

Omicron, the most transmissible of the variants exam-
ined, had the highest overall prediction score (f(x) =
0.09413). Key features driving this score included C26577G
and G26709A in ORF5 (membrane protein), corresponding
to S83S and V97I, respectively (Lee et al. 2022). T21992-
in ORF2 (spike protein) likely indicates a structural change
near the N-terminal domain. Additionally, A28365– (ORF9)
and G28242N (ORF8) were strong positive contributors.

Taken together, these SHAP-derived interpretations re-
veal consistent themes: mutations in ORF9 (nucleocapsid),
ORF2 (spike), ORF5 (membrane), and ORF8 are repeat-
edly implicated in fitness predictions across all variants. This
suggests that while spike mutations are central to entry and
immune evasion, changes in structural and accessory genes
also play important roles. Importantly, the model success-
fully surfaced these relationships without being explicitly
trained to prioritize them, underscoring its potential utility
in genomic surveillance. Extending interpretability to addi-
tional samples per variant and comparing mutation impor-
tance across temporal windows could reveal evolutionary
pressures or shifts in fitness determinants. Furthermore, inte-
grating functional annotations or protein-structure data may
enable deeper biological validation of impactful mutations
identified through SHAP.

Conclusion
This work demonstrates that convolutional neural networks,
trained on one-hot encoded SARS-CoV-2 genomic se-
quences, can effectively predict the transmission fitness of
viral variants using Differential Population Growth Rate
(DPGR) as a target metric. The high correlation between
predicted and actual DPGR values confirmed the model’s
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Figure 5: Figure: SHAP waterfall plots illustrating the mutation-level contributions to the predicted Differential Population
Growth Rate (DPGR) for different SARS-CoV-2 variants. Top-left plot represents the Alpha variant, highlighting positive
fitness impacts primarily from mutations in ORF9 (Nucleocapsid protein) and ORF5 (Membrane protein). Top-right plot depicts
the Delta variant, emphasizing substantial fitness contributions from mutations in ORF8, ORF5 (M), and ORF9 (N). Bottom-
left plot corresponds to the Beta variant, showing influential mutations predominantly within ORF2 (Spike protein), ORF9
(N), and ORF5 (M). Bottom-right plot illustrates the Omicron variant, demonstrating pronounced fitness enhancements driven
by significant mutations in ORF5 (M), ORF2 (S), and ORF8, consistent with its high transmissibility and immune evasion
characteristics.

capacity to learn biologically relevant sequence patterns. Im-
portantly, through SHapley Additive exPlanations (SHAP),
we uncover mutation-level insights into how individual nu-
cleotide changes influence model predictions. Several mu-
tations that produce amino acid changes; such as D3L in
ORF9, E484K and N501Y in ORF2, and V97I in ORF5
were found to strongly elevate predicted fitness, consis-
tent with known roles in immune escape and transmissibil-
ity. Meanwhile, synonymous substitutions such as C26577G
(S83S) demonstrated minimal effect on model output but
suggest possible regulatory importance. The alignment be-
tween SHAP-derived attributions and biologically vali-
dated fitness-enhancing mutations supports the utility of
our model not only for prediction, but also for mechanis-
tic insight. As SARS-CoV-2 continues to evolve, such inter-
pretable deep learning frameworks can offer valuable tools
for variant prioritization and genomic surveillance. Future
extensions will involve integrating protein-structure data and
larger variant pools to further enrich interpretability and gen-
eralizability. This could support the real-time evaluation of
novel variants as they emerge in global surveillance systems.

Limitations and future work. While the 1D CNN cap-
tures local sequence motifs, it may under-represent long-
range and combinatorial (epistatic) dependencies. Future
work includes: (i) introducing dilated convolutions and self-

attention layers to expand the receptive field and capture
cross-genome dependencies; (ii) incorporating interaction-
aware attribution (e.g., SHAP interaction values and pair-
wise ablations) to characterize mutational synergy/antago-
nism; and (iii) exploring hybrid encoders that fuse sequence
context with population-level covariates (e.g., region, col-
lection week, prior exposure proxies) to improve robustness
and interpretability.

Population context and sampling considerations The
labels used here quantify population-level transmission fit-
ness within specific regions and periods and therefore im-
plicitly reflect contemporaneous community immunity, in-
terventions, and testing practices. Although training fo-
cused on USA and Europe, extension to additional regions
(e.g., Asia, Africa, and South America) is planned. Notably,
DPGR’s ratio-based design can help cancel nondiscrimina-
tory sampling errors in genomic surveillance (Pantho et al.
2025), yet region-specific biases may persist, motivating
broader geographic coverage and covariate adjustment in fu-
ture evaluations.
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