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Abstract

Protein stability is a fundamental physical property determining a protein’s resistance to environmental factors.
However, experimental measurement of stability remains resource-intensive, prone to high variance, and
inherently slow. This creates a critical need for computational tools capable of predicting changes in stability
(AAG) following mutations, rather than focusing on absolute stability values. A significant bottleneck in this
field is the scarcity of large-scale datasets containing direct AAG measurements. This work addresses this
limitation by fine-tuning Protein Language Models (PLMs) on a massive, curated dataset of 864,033 mutation
records, utilizing normalized proxy values to overcome data sparsity. Our ProtBERT-based model achieved
a Pearson correlation of 0.57 on an independent test set, outperforming ESM-2-based architectures. These
results demonstrate that fine-tuning PLMs on large-scale, silver-standard data is a highly effective strategy for
scalable prediction of mutational effects, providing a robust tool for bioinformatics and therapeutic design.
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Proteins are fundamental to life, and their stability is
essential for proper function. Single-point mutations
can drastically alter stability, leading to dysfunction
or, in rare cases, functional improvements. Measuring
protein stability or stability changes experimentally in
the wet lab (e.g., via traditional methods or Deep Muta-
tional Scanning) is resource-intensive, creating a need
for accurate computational predictors to accelerate re-
search in biomedicine and biotechnology.

From a machine learning perspective, protein stability
change prediction can be framed as a regression prob-
lem. A robust solution must generalize across diverse
protein families, where stability is governed by many
different physical, chemical, and quantum phenom-
ena. While these phenomena can be simulated, doing
so for proteins comprising thousands of amino acids
quickly becomes computationally prohibitive, even on
supercomputers.

Traditional computational methods include physics-
based tools like FoldX [1] and Rosetta [2, 3], and more
recent machine learning approaches. State-of-the-art
increasingly leverages Protein Language Models (PLMs)
pre-trained on vast sequence databases. Models like
ThermoMPNN [4] show strong performance, but the

optimal architecture and training strategy for stability
prediction remain active research areas.

We propose fine-tuning two prominent PLM architec-

tures—ProtBERT [5] and ESM-2 [6] on a newly constructed,

mega-scale dataset. The ProtBERT model is adapted
to natively compare wild-type and mutant sequences
within a single context window, while the ESM-2 model
processes sequences separately with shared weights.
Both are equipped with custom regression heads and
trained using advanced optimization techniques.

The main contributions are: (1) The creation and pub-
lication of a large, curated dataset for stability pre-
diction, merging and normalizing data from multiple
sources . (2) The implementation and comparative
evaluation of two fine-tuned PLM-based architectures.
(3) Empirical demonstration that the ProtBERT-based
model, due to its inherent paired-sequence processing,
achieves superior predictive performance on indepen-
dent benchmark dataset.

A high-quality dataset is foundational. We merged two
major experimental sources: the Megascale and Hu-
man Domainome databases, resulting in 864,033 point
mutation records. To harmonize different experimental
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readouts, a non-linear, double-sided sigmoid normal-
ization was applied to project all AAG values into a

[—1,1] interval (see on the poster).

To prevent data leakage and ensure generalization, the
dataset was split into training, validation sets based
on protein domain classification using the CATH ho-
mology. This guarantees that proteins from the same
structural family do not appear in different splits. An
embedding-based clustering analysis using ESM-2 was
also performed to visualize the diversity and coverage

of the dataset (see ).

Two model families were implemented and compared.

ProtBERT-Based Model: The ProtBERT architecture
naturally accepts paired sequences separated by [SEP]
tokens. We feed sliding windows of 255 amino acids
around the mutation site for both wild-type and mutant
sequences. The final embeddings of both sequences
are mean-pooled, their absolute difference iscomputed,
and these features are concatenated and passed through

a four-layer MLP regression head (see on the

poster).

ESM-2-Based Model: The ESM-2 model offers a larger
context window but does not natively support paired
sequences. Our solution processes the wild-type and
mutant sequences separately using the same model
with shared weights but with reset positional encod-
ings for each sequence. Various pooling strategies (mean
and attention pooling) were tested to aggregate the
sequence representations. The same but smaller re-
gression layer was used for final prediction.

Training Details: Models were fine-tuned on the LUMI
supercomputer using the scheduler with warm-up. The
training dataset was balanced by including both for-
ward (WT-MUT) and reverse (MUT-WT) mutations.

Models were evaluated on a held-out test set and on
three independent public benchmarks: S350, PonSol*,
and BenchStab.

The ProtBERT-based model consistently outperformed
the ESM-2 variants. On our test set, it achieved a Pear-
son correlation of 0.55 and a Spearman correlation of
0.42. The ESM-2 models, while training faster, achieved
correlations around 0.37 on validation datasest.

On external benchmarks, the trend held. For the Bench-
Stab dataset, ProtBERT achieved a Pearson correlation

!Protein solubility dataset for comparison

of 0.57, compared to -0.10 for ESM-2 with mean pool-
ing. Interestingly, ESM-2 showed slightly better per-
formance on the PonSol solubility dataset, suggesting
different PLMs may be optimal for related but distinct
prediction tasks.

Acomparison with state-of-the-art tools (FoldX, Rosetta,
ThermoMPNN) shows that our ProtBERT model pro-
vides competitive performance, particularly onthe more

complex BenchStab dataset (see | Table 2 ).

This work successfully developed and evaluated deep
learning models for predicting protein stability changes
upon mutation. The key finding is that fine-tuning Pro-
tein Language Models is a effective strategy with lower
biase of the training data, with the ProtBERT architec-
ture proving superior for this specific task due to its
inherent design for comparing paired sequences.

The created large-scale dataset and the implemented
models are publicly available, providing a resource for
the community. Future work could involve integrating
additional PLMs (e.g., ProtT5), expanding the dataset
with more stabilizing mutations, and applying explain-
ability methods to interpret the models’ predictions.
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