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Abstract

Synonymous mutations, though they do not alter amino acid sequences, can significantly affect gene
expression, translation dynamics, and cellular fitness. Despite increasing recognition of their functional rel-
evance, predicting their fitness effects remains difficult due to subtle and context-dependent mechanisms.
Here, we develop an interpretable machine learning framework to predict the fitness consequences of
synonymous mutations in Saccharomyces cerevisiae. Using deep mutational scanning data, we construct
a feature set capturing codon usage bias, mMRNA secondary structure, ribosome profiling metrics, and
evolutionary conservation. We benchmark several classifiers on a three-class task—strongly deleterious,
mildly deleterious, and neutral—and evaluate performance using precision, recall, and confusion matrices.
While ensemble models achieve high accuracy for neutral mutations, they struggle to recover deleterious
variants due to class imbalance and overlapping features. SHAP analysis identifies codon optimality
and RNA structural disruption as dominant predictive signals. Our results highlight the importance of
biologically grounded features and underscore the need for interpretable models in capturing the hidden
fitness costs of synonymous variation.

1. Introduction This realization has reshaped our understanding of

molecular evolution, highlighting the importance of
Synonymous mutations are a class of genetic variants synonymous sites in evolutionary dynamics and fitness

that do not alter the amino acid sequence of a protein. landscapes.

Traditionally, these mutations have been considered
"silent” or selectively neutral, as they do not directly
change the protein’s primary structure [1, 6]. How-
ever, recent research has revealed that synonymous
mutations can have significant effects on gene expres-
sion, protein folding, and overall cellular fitness [9].
Synonymous variants have been shown to impact fit-
ness by altering the folding and post-transcriptional
modification of mMRNA structures and by modulat-
ing translation initiation and elongation rates [3, 9].

The downstream consequences of synonymous mu-
tations arise from codon-specific interactions with the
ribosome, tRNA pools, RNA-binding proteins, and
RNA structural elements [2,9]. Figure 1 illustrates
several of these mechanisms. Panel 1A shows that
even when a mutation does not change the encoded
amino acid, it can alter the mRNA sequence and its
properties. In panel 1B, changes to codon usage can
influence translation kinetics by affecting how effi-
ciently tRNAs are recruited. Panel 1C highlights how



synonymous variants can disrupt mRNA secondary
structures, altering transcript stability and transla-
tion efficiency. These examples reflect broader princi-
ples; namely, that synonymous sites, despite lacking
protein-coding changes, can be important targets of
selection. This emerging understanding has catalyzed
a shift in the study of molecular evolution, prompting
renewed interest in the functional consequences of
synonymous variation [2]. While early genome-scale
evolutionary models largely ignored synonymous sites
in fitness predictions, accumulating evidence has chal-
lenged the assumption that these changes are silent
or selectively neutral. Importantly, these effects can
vary across species, genes, and environmental condi-
tions, introducing both complexity and richness into
evolutionary predictions.

A 2022 landmark study by Shen et al. employed
deep mutational scanning (DMS) to systematically
quantify the fitness effects of synonymous mutations
in the yeast Saccharomyces cerevisiae [8]. Their exper-
iments involved high-throughput DMS via CRISPR-
Cas9 gene editing of 150 bp segments of DNA coding
sequences to generate all possible single nucleotide
substitutions. As such, they created a library of strains
containing all possible synonymous and nonsynony-
mous SNPs within those regions. Their DMS work-
flow was applied to a curated set of 22 nonessential
S. cerevisiae genes known to influence organismal
fitness. After performing competition assays, their
results showed that a substantial fraction of synony-
mous mutations were deleterious, with effects often
comparable in magnitude to nonsynonymous changes.
The authors hypothesized that these outcomes were
linked to mechanisms such as disrupted mRNA sta-
bility or altered co-translational folding. Their DMS
fitness dataset is publicly available and thus offers a
high-quality, experimentally validated ground truth for
computational models of fitness effects. As such, it
presents a unique opportunity to explore the mech-
anistic underpinnings of synonymous mutations and
their consequences for fitness and evolution.

Despite the growing recognition of the functional
importance of synonymous mutations, predictive mod-
els that can accurately forecast their fitness effects
remain limited. Traditional evolutionary models have
long disregarded the rich biological context surround-
ing synonymous sites, leading to oversimplified pre-
dictions. Conversely, machine learning approaches
offer a promising avenue to integrate diverse biologi-

cal features and learn complex relationships between
sequence variation and fitness outcomes. However,
many existing deep learning models lack interpretabil-
ity and are trained predominantly on datasets cu-
rated solely from evolutionary genomics features. This
makes it difficult to extract detailed mechanistic in-
sights about how synonymous mutations influence
fitness.

To address these challenges, we developed an in-
terpretable machine learning framework trained on
deep mutational scanning data from S. cerevisiae [8].
We curated the dataset with biologically meaningful
features, including sequence context, codon usage
metrics, mMRNA structural disruption, and evolution-
ary conservation. Using these features, we trained
classifiers to predict the fitness effects of synony-
mous mutations. Benchmarking showed that ensem-
ble methods performed well for neutral mutations
but struggled with deleterious ones, due in part to
class imbalance and overlapping feature distributions.
Through SHAP-based interpretation, we identified
codon optimality and structural destabilization as
dominant predictive signals, linking mechanistic fea-
tures to functional outcomes. These findings highlight
the potential of interpretable models to uncover the
subtle but consequential effects of synonymous varia-
tion on cellular fitness.

2. Methods

Our modeling strategy aims to predict the evolution-
ary fitness effects of synonymous mutations using an
interpretable, biologically grounded machine learning
framework. The overall computational approach was
organized into four stages: (i) generating mutation-
centered sequence windows, (ii) extracting biologically
informative features, (ii) integrating evolutionary and
structural annotations into a unified representation,
and (iv) predictive modeling with interpretable attri-
bution techniques. Together, these components en-
abled us to identify molecular mechanisms by which
synonymous mutations impact gene expression and
cellular fitness despite conserving the original protein
sequence.

2.1. Mutation-centered window generation

To provide consistent structural and sequence context
for each mutation, we extracted 51-nucleotide win-
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Figure 1: Synonymous mutations can have significant effects on gene expression, protein folding, and overall
cellular fitness. (A) Synonymous SNP mutations code for the same amino acid but can alter the mRNA sequence.
(B) Synonymous mutations can also affect the rate of translation elongation by altering codon usage bias. (C)
Synonymous mutations can impact mRNA secondary structure, influencing stability and translation efficiency.

dows centered on the mutated base, spanning 25 nu-
cleotides upstream and downstream. Both wild-type
and synonymous mutant versions of these windows
were used to compare structural and translational con-
sequences of each mutation. This context-capturing
design ensures that short-range mRNA secondary
structures, codon positions, and surrounding motifs
are consistently represented and aligned for analysis.

2.2. Feature extraction and annotation

Each mutation window was annotated with features
reflecting codon usage bias and mRNA secondary
structure. Codon usage was quantified using three
metrics: Codon Adaptation Index (CAl), Frequency
of Optimal Codons (FOP), and Relative Synonymous
Codon Usage (RSCU). CAl, which captures the match
between codon usage and optimal expression, is de-
fined as:

CAl =

(1)
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where w; is the relative adaptiveness of codon i, f;
is its observed frequency, and fmax,q, is the frequency
of the most common codon for amino acid a;.

RSCU compares the observed frequency of a codon
to its expected usage among synonymous alternatives:

X;
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We computed all metrics for both wild-type and mu-

tant codons. Additionally, we included the directional
difference in CAl:

RSCU; = (2)

ACAIl = CAlmyte — CAlyt

(3)

Structural features were derived from thermody-
namic folding of each sequence window. The mini-
mum free energy (MFE) was used to quantify RNA
stability, and the effect of a mutation on structure
was measured by the MFE shift:

AMFE = MFEqut — MFEwt

(4)

Codon-level pairing changes were assessed using
dot-bracket notation. Each nucleotide of the codon
was assigned a binary indicator b; € {0, 1} represent-
ing unpaired or paired status, and changes in pairing
triplets byt, bmut Were used to classify mutations as
disruptive, stabilizing, or neutral. Additional features

included structural context labels such as ‘“stem,”
“loop,” or “bulge.”
2.3. Integration of evolutionary signals

To account for evolutionary constraint, we included
conservation scores derived from multi-species align-
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Figure 2: PhastCons scores indicate evolutionary conservation across species, with higher values suggesting
stronger purifying selection. (A) Multiple sequence alignments reveal conserved regions across species, with
PhastCons scores indicating the probability of conservation. (B) Phylogenetic tree of yeast species used for

alignment.

ments. PhastCons scores were used to represent the
probability that a given nucleotide base belongs to a
conserved element. These conservation metrics were
applied to the central nucleotide of each mutated
codon, offering a proxy for purifying selection act-
ing on synonymous sites. Figure 2 illustrates this
approach.

2.4. Predictive and interpretable modeling

We used a combination of commonly used classifi-
cation models to learn the relationship between an-
notated features and fitness. XGBoost was selected
as the primary non-linear model due to its ability to
model complex interactions and support interpretabil-
ity. The objective function minimized the squared loss
with regularization:

n K
L= =50+ ), Q) (5)
i=1 k=1
We also tested a shallow neural network with two
hidden layers using ReLU activation and dropout reg-
ularization, trained via the Adam optimizer. All mod-
els were evaluated using mean squared error (MSE),
mean absolute error (MAE), and coefficient of de-
termination (R?). Further, we employed SHapley Ad-
ditive exPlanations (SHAP) [4] to interpret model
outputs and feature importance.

3. Implementation

All analyses were conducted in Python 3.10 using a
modular pipeline built with Jupyter notebooks and
standalone scripts.

3.1. Dataset processing and feature matrix con-
struction

The synonymous mutation dataset was obtained from
the supplemental materials of Shen et al. (2022) [8]. A
custom Python parser extracted the mutation indices,
codon identities, and corresponding fitness scores
from the raw files. Fitness values were normalized to
wild-type levels across three biological replicates. To
ensure reliability, we excluded mutations with missing
values or high replicate variability, defined as a stan-
dard deviation greater than 0.05. After filtering, the
final dataset consisted of 4,093 high-confidence syn-
onymous mutations from 22 nonessential S. cerevisiae
genes. For each retained mutation, we extracted a 51-
nucleotide window for sequence context as described
previously. Both the wild-type and synonymous mu-
tant versions of each window were stored in FASTA
format. This step facilitated direct pairwise compar-
isons for downstream structure prediction and feature
extraction.

All computed features were consolidated into a
structured matrix, with each row representing a single
synonymous mutation. The matrix included MFE val-
ues, AMFE (Eq.4), base-pairing status, codon usage
metrics including CAI (Eq.1), RSCU (Eq.2), and ACAI
(Eq.3), conservation scores, and transcript metadata.
Continuous features were standardized, and categori-
cal variables such as codon identity were one-hot en-
coded. Missing values in numeric fields were imputed
using feature-wise medians for all models tested ex-
cept for XGBoost and Random Forest methods. This
matrix served as the input to both dimensionality
reduction and predictive modeling workflows.



3.2. Feature extraction and annotation

RNA secondary structure predictions were performed
using RNAfold from the ViennaRNA Package (v2.5.1).
RNAfold was run within a Docker container built from
the official ViennaRNA image. RNAfold was executed
with default energy parameters and the --noPS flag
to suppress generation of graphical output. For each
input sequence, RNAfold returned a minimum free
energy (MFE) value in kcal/mol and the corresponding
secondary structure in dot-bracket notation.

Structural features were extracted using custom
Python scripts. For each pair of wild-type and mu-
tant sequences, we recorded the MFE and computed
AMFE (Eq.4) as a scalar measure of the thermody-
namic impact. To extract codon-level features from
dot-bracket structures, we identified whether each
nucleotide in the mutated codon participated in base-
pairing. Based on this, mutations were categorized as
structurally neutral, disruptive, or stabilizing. Codons
were also annotated with structural contexts—stem,
loop, bulge, or unpaired. For a subset of sequences,
RNAplfold was used to compute local pairing proba-
bilities and ensemble diversity.

To quantify evolutionary constraint, we annotated
each synonymous site with PhastCons scores from the
7-way yeast genome alignment (sacCer3). Conserva-
tion scores were retrieved using pyBigWig and aligned
to the central nucleotide of each codon. Where gaps
or mismatches arose, median gene-level scores were
imputed. All conservation metrics were standardized
before downstream use in correlation and SHAP anal-
yses.

Codon usage bias was quantified using CAT (Eq.1)
and RSCU (Eq.2). The CAIl metric was computed for
both wild-type and mutant codons using CAlcal [7].
RSCU was calculated manually according to Equation
2 using codon tables from the Kazusa database [5].
Directional effects were captured by ACAI (Eq.3).
Each codon usage feature was stored independently.

3.3. Dimensionality reduction and predictive mod-
eling

To visualize high-dimensional structure, we applied
PCA (scikit-learn v1.3.0) prior to modeling. We
then trained eight classifiers: XGBoost, Random For-
est, k-NN, SVM, logistic regression, Lasso, Naive
Bayes, and a shallow neural network. All used the
same curated feature matrix. Models were trained on

80/20 train/test splits with z-score standardization,
class weighting, and SMOTE-based oversampling to
address class imbalance. Evaluation metrics included
class-specific precision, recall, F1, accuracy, and ROC
AUC. Hyperparameter tuning was done via five-fold
cross-validation.

XGBoost performed best on the held-out set, using
squared error loss with regularization as defined in
Eq.5. Key parameters (7, tree depth, @, 1) were
selected through randomized search.

3.4. Model interpretation with SHAP

We used SHAP (shap v0.41.0) with TreeExplainer
to evaluate feature contributions in the trained XG-
Boost model. SHAP values were computed using
the Explainer class [4] to yield interpretable global
and local attributions. We generated summary plots,
beeswarm plots, and feature dependence curves to
visualize how features influenced predictions and to
identify dominant biological signals.

4. Results

4.1. Dataset exploration

To evaluate the structure of the annotated feature
space and its potential predictive value, we conducted
an exploratory analysis visualized in Figure 3. Panel
3A displays a pairwise correlation matrix of selected
features, where the diagonal shows kernel density es-
timates (KDEs) of each feature. These KDEs reveal
non-normal, often multimodal distributions across fea-
tures, indicating underlying biological heterogeneity
among synonymous mutations. Notably, codon adap-
tation index (CAIl) and context CAl exhibit distinct
peaks, likely reflecting conserved codon usage pat-
terns and local biases in translation efficiency across
the yeast genome.

Several notable correlations emerge in Panel 3A.
As expected, CAl and context CAl are moderately cor-
related, capturing overlapping signals of codon opti-
mality. Additionally, minimum free energy (MFE) and
its difference upon mutation (MFE_diff) are tightly
linked, reflecting that mutations in already stable
mRNA regions tend to introduce larger structural
disruptions. These trends underscore the interdepen-
dence of features and motivate the need for either
explicit decorrelation methods or model regularization
to account for multicollinearity.
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Figure 3: Visualization of the dataset used for training and testing the model. (A) Pairwise correlation
reveal the distributions and p annotated features for synonymous mutations. The KDE plots (diagonal) show the
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Panel 3B links these features to fitness outcomes
by plotting each feature against measured fitness
values, with points colored red, orange, and green
by their fitness classes (strongly deleterious, mildly
deleterious, or neutral, respectively). Several patterns
emerge: CAl and context CAl show clear stratifica-
tion by class, with strongly deleterious mutations (red)
clustering in low-CAl regions, consistent with the bio-
logical intuition that rare codons impair translation ef-
ficiency. Similarly, high MFE_diff values—indicative of
large disruptions to mRNA secondary structure—are
enriched among strongly deleterious variants. In con-
trast, phastCons scores appear positively associated
with fitness, suggesting that mutations at evolution-
arily conserved sites tend to be less damaging or more
robustly buffered.

4.2. Predicting fitness effects of synonymous mu-
tations

To assess model performance, we benchmarked sev-
eral widely-used traditional machine learning models
on a classification task involving three fitness cate-
gories: strongly deleterious, mildly deleterious, and
neutral synonymous mutations. Performance metrics
are visualized in Figure 4.

Panel 4A summarizes the precision (top, blue
heatmap) and recall (bottom, red heatmap) achieved
by each model across the three classes. While overall
classification accuracy was high for ensemble methods

like XGBoost, Random Forest, and KNN (all around
91%), this performance was driven predominantly by
correct predictions of the neutral class. For example,
XGBoost achieved a precision of 0.93 and recall of
0.98 for neutral mutations, but these values declined
sharply for mildly deleterious (precision 0.46, recall
0.19) and strongly deleterious mutations (precision
0.40, recall 0.25). This trend is consistent across mod-
els, suggesting that class imbalance and overlapping
feature distributions present challenges in identifying
non-neutral effects.

Panel 4B shows the confusion matrix for the best-
performing model by accuracy (XGBoost). It rein-
forces the difficulty in predicting strongly and mildly
deleterious mutations: most mildly deleterious muta-
tions are misclassified as neutral (25/31), and nearly
half of strongly deleterious mutations are also pre-
dicted as neutral. These misclassifications are critical,
as they represent biologically meaningful variants that
may be overlooked by automated prediction pipelines.
However, the model demonstrates a relatively low
false positive rate for neutral predictions, demonstrat-
ing that it can effectively filter out benign variants.

4.3. Interpreting feature contributions to pre-
dicted fitness effects

To better understand the decision-making process of
the classifier, we applied SHapley Additive exPlana-
tions (SHAP) to quantify the influence of each input
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Figure 5: Codon usage and mRNA structure are the most important features for predicting fitness effects.
(A) SHAP beeswarm plot showing the most important features for predicting fitness effects. Each point represents
a single mutation; color indicates the feature value and the horizontal axis shows the SHAP value. (B) SHAP

summary bar plot showing the mean absolute SHAP value for each feature across the dataset.

feature on model predictions. Figure 5 summarizes
the results of this analysis.

Panel 5A presents a SHAP beeswarm plot, which
visualizes how each feature contributes to the model’s
output for individual mutations. Features are ordered
by overall importance, with each dot representing
a single synonymous mutation. The color gradient
reflects the feature value (red = high, blue = low),
while the horizontal position corresponds to the SHAP
value—i.e., the degree to which a feature pushes a
prediction toward a particular fitness class. Notably,
codon usage metrics such as CAl and context CAI
consistently rank among the top contributors, with
high CAl values generally pushing predictions toward
neutrality. This supports the biological intuition that
optimal codons correlate with minimal disruption to
translation and fitness.

mRNA structural features also played a prominent

role in determining the classification of synonymous
mutations. High values of MFE_diff (ie, large disrup-
tions to secondary structure upon mutation) were
strongly associated with predictions of fitness loss.
This reinforces the hypothesis that structural destabi-
lization contributes to deleterious effects. Conversely,
low MFE_diff values appeared to favor predictions of
neutrality, aligning with prior observations that minor
structural perturbations are often tolerated.

Panel 5B provides a global summary of feature
importance, showing average absolute SHAP values
across all predictions. The dominance of codon us-
age and RNA structural features confirms that these
inputs drive the majority of predictive signal in the
model. In contrast, evolutionary conservation features
such as phastCons appear further down the ranking.



5. Discussion

This study presents an interpretable machine learning
framework to predict the fitness consequences of syn-
onymous mutations by integrating codon usage bias,
mRNA structural features, and conservation metrics.
Our findings reinforce the emerging consensus that
synonymous mutations, while silent at the protein
level, can carry nontrivial functional effects and thus
contribute to the mutational fitness landscape.

Exploratory analyses of the annotated dataset (Fig-
ure 3) revealed non-Gaussian, often multimodal fea-
ture distributions and correlations. Metrics capturing
codon optimality, such as CAl and CAIl with local
sequence context, exhibited clear separation between
fitness classes. Meanwhile, features like MFE and
MFE_diff highlighted the role of RNA structural sta-
bility. Notably, MFE_diff was higher in strongly dele-
terious mutations, supporting the hypothesis that
disruption of local mMRNA structure is a key mecha-
nism of fitness loss. Moderate correlation between
codon usage and mRNA stability features further sug-
gests that translation and RNA structure jointly shape
mutational effects.

Machine learning classifiers (Figure 4) were then
benchmarked on the annotated synonymous mutation
dataset. We observed strong performance in predict-
ing neutral mutations, with ensemble models such as
XGBoost achieving over 90% overall accuracy. How-
ever, this performance was disproportionately driven
by the neutral class, which dominated the dataset.
Precision and recall dropped markedly for mildly and
strongly deleterious mutations, which were frequently
misclassified as neutral. This highlights a key limita-
tion; although classifiers readily identify mutations
with no discernible effect on fitness, they struggle to
detect subtle or context-dependent deleterious signals.
We hypothesize that the inconsistent performance is
due to overlapping feature space and class imbalance.

To mitigate this, future work may benefit from al-
ternative preprocessing strategies. For instance, con-
structing a balanced training set by randomly subsam-
pling the dominant neutral class to match the num-
ber of mildly and strongly deleterious examples could
help equalize class representation without introducing
synthetic noise. Alternatively, synthetic resampling
techniques such as SMOTE may be replaced or com-
plemented by class-conditional generative models that
simulate biologically realistic mutations. Hierarchical

classification, where the model first distinguishes neu-
tral from non-neutral mutations before fine-grained
subclassification, may also improve interpretability
and robustness in the presence of imbalanced and
ambiguous labels.

To interpret the model’s decision-making process,
we applied SHapley Additive exPlanations (SHAP) to
quantify the influence of each input feature on predic-
tions (Figure 5). The SHAP beeswarm plot (Figure
5A) revealed that codon usage features—particularly
CAl and context CAl—were consistently among the
top contributors. We further observed that high CAl
values generally associated with predictions of neutral-
ity. This supports the biological intuition that optimal
codons are less disruptive to translation and are more
likely to be tolerated. Similarly, high MFE_diff values
were predictive of lower fitness, consistent with the
role of secondary structure stability in mRNA regula-
tion. In contrast, evolutionary conservation metrics
such as phastCons appeared less influential (Figure
5B). Perhaps this could be attributed to either the lim-
ited resolution of conservation signals at synonymous
sites and/or the lack of sensitivity to mechanistic nu-
ance in traditional evolutionary conservation metrics.

Together, these results suggest that synonymous
fitness effects arise from overlapping mechanisms in-
volving translation dynamics and RNA folding. More-
over, they suggest that these effects can be cap-
tured by integrating biologically grounded features in
predictive models. However, the misclassification of
deleterious variants underscores the need for models
that more effectively disentangle weak signals from
background variation. Incorporating ribosome profil-
ing or tRNA abundance data could further enhance
model resolution. Additionally, leveraging deep learn-
ing approaches that learn hierarchical representations
of sequence-structure-function relationships may im-
prove predictive power.

Importantly, our interpretable modeling framework
allows us to move beyond black-box predictions and
extract mechanistic insight. By quantifying how each
feature contributes to fitness prediction, we identify
biological mechanisms that are most predictive—and
thus potentially most causal—for deleterious fitness
effects at synonymous sites. These insights can inform
the design of more biologically informed priors in
future models of molecular evolution.

Thus, our results underscore the importance of
treating synonymous mutations as functionally rele-



vant and mechanistically diverse. As high-throughput
mutational scanning data continues to grow, com-

bining interpretable models with diverse molecular

annotations will be essential for understanding how

seemingly silent changes impact phenotype, fitness,

and evolutionary trajectories.
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