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Abstract

Predicting mutational effects on protein–protein binding affinity (∆∆G) remains a
challenging task: current models often generalize poorly due to limited and biased
training data. We show that SKEMPI2, the dominant training and evaluation dataset
in this field, is affected by a subtle and pervasive data leakage due to sequential and
structural redundancy, leading to inflated estimates of performance across models.
We introduce ProtBFF (Protein Biophysical Feature Framework), a lightweight,
encoder-agnostic module that injects five key biophysical features (interface, burial,
dihedral, SASA, lDDT) into residue latent representations via cross-embedding
attention. ProtBFF consistently improves predictive power and, with ProSST,
achieves state-of-the-art performance on clustered SKEMPI2, rivaling far more
specialized models. These results point to a simple, general recipe for protein
property prediction: integrate biophysical priors with machine learning.

1 Introduction

Predicting how multiple mutations alter protein–protein binding affinity (∆∆G) is a central challenge
in computational biology with direct implications for protein engineering and therapeutic design [1–4].
Biophysics-based methods such as molecular dynamics have long been used for this task, but they
are computationally expensive and rely on human-crafted priors, which limits their scalability[5–7].

While deep learning has transformed protein structure prediction [8–10], predicting ∆∆G remains
constrained by small, biased datasets and models that often fail to generalize to previously unseen
proteins[11–13]. This shortcoming arises from two main factors: (1) the restricted quality and
quantity of available experimental measurements, compounded by the limited diversity of the proteins
represented in existing datasets, and (2) the tendency of models to overfit dataset-specific patterns
rather than capture underlying biophysical principles.

A critical example is the SKEMPI2 dataset, the field’s foremost benchmark. While SKEMPI2
contains roughly 350 curated protein complexes, it suffers from substantial sequential and structural
redundancy, with many complexes exhibiting high similarity [14, 15]. As we show and quantitatively
evaluate in this work, such hidden redundancy introduces significant data leakage between training
and test sets, inflating reported performance and obscuring the true generalization gap in current
methods [14, 15].

To tackle this challenge, we leverage the complementary strengths of biophysics-based and deep learn-
ing methods: the mechanistic grounding of biophysical principles and the statistical power of large-
scale representation learning. We introduce ProtBFF (Protein Biophysical Feature Framework), a
lightweight, encoder-agnostic module designed to combine these advantages by enriching embedding-
based predictors with explicit biophysical features. By scaling residue embeddings according to local
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structural context and integrating them through cross-embedding attention, ProtBFF encourages mod-
els to learn representations that are both physically meaningful and predictive. Unlike prior work that
proposes entirely new ∆∆G architectures [16–18] or relies solely on physics-based scoring functions
[5, 7], ProtBFF acts as a plug-in that integrates seamlessly with any pretrained encoder. We
demonstrate that it improves generalization on the sequence-clustered SKEMPI2 and enables models
not originally designed for this task, such as ProSST [19] and ESM family [9], to reach or surpass
the performance of state-of-the-art specialized PPI predictors.

2 Limitations of the SKEMPI2 Dataset

2.1 Latent Sequential and Structural Data Leakage

The key problem of the SKEMPI2 dataset is a systematic data leakage. Prior studies split training
and test sets by clustering mutations according to the complex name from which they were derived
[16–18, 20]. Although intended to prevent overlap, this strategy ignores that many differently
named complexes are highly homologous in both sequence and structure[14, 15, 21]. Consequently,
homologous proteins often appear across both splits, inflating reported performance and introducing
systematic data leakage.

To quantify this effect, we adopted a stricter dataset splitting strategy based on sequence similarity.
Specifically, we used the CD-HIT clustering algorithm [22] to group protein complexes by sequence
identity, applying thresholds from 60% to 100%. In this scheme, two complexes are assigned to the
same cluster if the concatenated sequences of their chains exceed the chosen similarity threshold.
At 100% identity, this procedure is equivalent to no clustering, producing one cluster per complex
(335 in total; see Appendix A.1). At the other extreme, a 60% threshold reduces the dataset to
only 136 clusters, underscoring the strong homology within SKEMPI2. Notably, even a modest
reduction from 100% to 99% identity decreases the number of clusters from 335 to 253, indicating
that many complexes differ by only minimal sequence variation. This sharp drop highlights the extent
of redundancy in SKEMPI2 and demonstrates why clustering by complex name alone is insufficient
to prevent overlap. Table 1 summarizes the number of clusters across thresholds.

Threshold 60% 80% 95% 99% 100%

Clusters 136 179 219 253 335

Table 1: Number of protein complex clusters at different sequence identity thresholds. Lower
thresholds merge homologous complexes, highlighting the redundancy in SKEMPI2.

2.2 Impact of Data Leakage on Models’ Performance

To accurately assess the impact of the aforementioned data leakage on the performance of models
predicting ∆∆G, we benchmarked four widely used deep learning models: DDAffinity [17], ProMIM
[18], RDE-Network [16], and ProSST [19], using 10-fold cross-validation on these clustered datasets.
At lower sequence-identity thresholds, training and test sets contain fewer homologous proteins, so
performance should decline if earlier results were inflated by redundancy. This setup provides a
systematic test of model robustness.

As shown in Figure 1, while models achieve high Pearson correlations of above 0.6 when no clustering
(the 100% threshold) is applied, performance declines consistently and substantially as the threshold is
reduced. This trend highlights that previously reported results on SKEMPI2 were strongly influenced
by redundancy between training and test sets, ultimately leading to overfitting. Details about the
methodology and analogous results using Spearman’s correlation are provided in Appendix Figure 3.

In summary, these results demonstrate that deep learning models trained on SKEMPI2 are subject
to substantial overfitting due to data leakage, and that previously reported performance metrics
are overly optimistic. This underscores the need for more robust benchmarks and generalizable
architectures, which we address in the remainder of this paper.
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Figure 1: Performance of deep learning models on SKEMPI2 under different sequence identity
thresholds. Bars indicate the number of complex clusters at each threshold, and lines show Pearson
correlation for each model. Performance drops sharply as clustering becomes more stringent, revealing
substantial data leakage in the original dataset splits.

3 Introducing ProtBFF

3.1 Methods: ProtBFF architecture

A central paradigm in molecular biology is to learn expressive latent representations of molecules
and their interactions, while using relatively simple models for downstream prediction tasks such
as ∆∆G [23–25]. Concretely, an encoder generates per-residue embeddings for both wildtype and
mutant proteins, integrating sequential and structural information [18, 16, 17]. These encoders are
typically pretrained on large-scale datasets with self-supervised objectives (e.g., masked residue
prediction) to build informative internal representations [23, 19]. For ∆∆G prediction, embeddings
of the wildtype and mutant are subtracted and then pooled across residues, and the resulting features
are passed to downstream predictors trained on task-specific datasets such as SKEMPI2 [16, 17, 26].
In this study, we propose a general biophysical framework that augments such models by integrating
explicit biophysical features into per-residue embeddings (Figure 2).

Figure 2: Simplified schematic of the ProtBFF framework. The pipeline begins with embeddings
extraction, followed by embeddings subtraction and scaling using biophysical features. These
processed embeddings are passed through a pooling layer, followed by the cross-embedding attention
module and two MLP heads to generate predictions of ∆∆G and ilDDT , optimized with a weighted
loss function. For more information, refer to Appendix B.1
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Our framework builds on the observation that embedding-based models produce a latent representation
for every residue, yet not all residues contribute equally to changes in binding free energy. Prior
studies have shown that simple per-residue biophysical scores can strongly correlate with mutational
effects on binding affinity [17, 27]. Motivated by this, we enrich residue embeddings by scaling
them with biophysical metrics: embeddings of residues with high structural or interfacial relevance
are amplified, while those less likely to contribute are down-weighted. Incorporating multiple
complementary scores enables the model to integrate diverse structural cues, while cross-embedding
attention allows these signals to interact and emphasize the most informative patterns [28, 29].
Together, this yields richer and more interpretable residue-level representations.

To implement this idea, we generate five scaled copies of each residue embedding, each weighted by a
distinct biophysical metric: interface propensity, residue burial, dihedral deviation, solvent-accessible
surface area (SASA), and local distance difference test (lDDT). These metrics are computed from the
wildtype structures and FoldX-generated mutant structures [5] (see Appendix D).

Formally, for residue i with embedding Ei ∈ RM , we construct

E
(k)
i = s

(k)
i ·Ei, k ∈ {interface, burial, dihedral,SASA, lDDT},

where s
(k)
i ∈ [0, 1] is the biophysical score for metric k. The set {E(k)}5k=1 constitutes the enriched

embedding space used in the downstream tasks[30].

As illustrated in Fig. 2, each scaled embedding is projected into a lower-dimensional space, regularized
through dropout and non-linear activation. A cross-embedding multihead attention mechanism then
integrates the five streams, allowing the model to reweight and combine information across biophysical
perspectives.[30, 31] Finally, a lightweight attention pooling layer aggregates these signals into a
compact representation. This design introduces minimal parameters, making it well-suited for limited
datasets such as SKEMPI2. Please refer to Appendix B.1 for more details.

To further guide learning, we impose a multi-task weighted loss that conditions the network to recover
not only experimental ∆∆G values but also the interface structural consistency metric ilDDT [32, 33].
This auxiliary prediction encourages the extraction of structurally meaningful features and improves
generalization. More information can be found in Appendix B.2

Overall, ProtBFF can be applied as a drop-in replacement for the feed-forward modules placed after
protein embeddings in ∆∆G prediction pipelines. Because it requires only minimal adaptation to
embedding dimensionality, it can readily be integrated with a wide range of pretrained encoders and
extended to other downstream structural prediction tasks, offering a general and practical means of
injecting biophysical inductive bias into deep learning models.

3.2 Prediction Improvements with ProtBFF

To assess the improvements provided by ProtBFF as a plug-in module, we integrated it into two
types of models that follow the latent representation paradigm and benchmarked them against several
established baselines: ProSST, originally developed for single-protein stability prediction [19], and
the ESM2 [34] and ESM3 models [9], two general-purpose protein language models (the first one
sequence-only, and the other integrating sequences and structures). All models were retrained using
a 10-fold cross-validation protocol on the SKEMPI2 dataset clustered at 60% sequence identity, as
detailed in Appendix C.1.

ProSST [19], though not originally designed for protein complex ∆∆G prediction, gains substantially
with ProtBFF: Pearson improves from 0.428 → 0.514 and Spearman from 0.354 → 0.477, surpassing
specialized models such as ProMIM and DDAffinity. ESM models also benefit substantially, with
Pearson and Spearman correlations increasing from below 0.2 to levels comparable to most state-of-
the-art models, thereby more than doubling their baseline performance.

These results illustrate that models pretrained on large protein datasets, such as CATH database [35]
for ProSST and the extensive sequence and structural corpora underlying ESM2 and ESM3, learn
rich general-purpose representations [9, 19]. By guiding these embeddings with ProtBFF, which
selectively amplifies structurally relevant residues through biophysical features, we are able to unlock
performance that rivals or even surpasses methods specifically designed for protein complex ∆∆G
prediction. Further information about the benchmarking and integration process can be found in
Appendices B.2, and C.

4



Benchmarking and Ablation Results Baseline With ProtBFF

Method / Variant Pearson (ρ) Spearman (r) Pearson (ρ) Spearman (r)

Model Benchmarking
ProSST [19] 0.428 0.354 0.514 0.477
ESM2 [34] 0.194 0.204 0.451 0.410
ESM3 [9] 0.159 0.099 0.362 0.347
ProMIM [18] 0.486 0.464 * *
RDE-Network [16] 0.480 0.439 * *
DDAffinity [17] 0.485 0.405 * *
RDE-Linear [16] 0.369 0.360 * *
FoldX [5] 0.320 0.294 * *

Ablation Study on ProSST
None (Full ProSST+ProtBFF) – – 0.514 0.477
Interface Score removed – – 0.462 0.418
Burial Score removed – – 0.471 0.426
Dihedral Score removed – – 0.498 0.458
SASA Score removed – – 0.503 0.464
lDDT Score removed – – 0.506 0.469
ilDDT Loss Function removed – – 0.505 0.459
All Scores removed – – 0.436 0.385

Table 2: Benchmarking and ablation results. (Top) Performance of baseline encoders with and
without ProtBFF. (Bottom) Ablation study of ProtBFF applied to ProSST, where each row removes
one feature or the auxiliary ilDDT loss. Values reported are Pearson correlation (r) and Spearman
correlation (ρ). Bold indicates the best performance. Asterisks (*) mark methods where ProtBFF
cannot be applied because they are not encoder-based. See Appendix C for details.

Ablation Study: To assess the contribution of the five biophysical scores and the auxiliary ilDDT
loss to ProtBFF’s performance, we conducted an ablation study (Appendix E). Each component was
systematically removed in turn, and we observed that all scores as well as the ilDDT loss provided
measurable improvements in both Pearson and Spearman correlations. Among them, interface and
burial features contributed the largest gains. These findings demonstrate that ProtBFF’s accuracy
arises from the integration of multiple complementary biophysical signals rather than reliance on any
single feature.

4 Discussion

The challenge of predicting ∆∆G highlights a core tension in machine learning: building models that
generalize when data is scarce and biased. While self-supervised pretraining on massive sequence
databases has transformed protein structure prediction [8–10], supervised ∆∆G prediction remains
limited by the small size of datasets like SKEMPI2, which contains only 7,085 measurements across
345 complexes [2, 14, 15, 36].

Our analysis shows that splitting SKEMPI2 by complex name overlooks deep homology, leading to
data leakage and inflated accuracy. When clustered by sequence identity, model performance drops
sharply, revealing that current methods often memorize dataset-specific patterns rather than learn
transferable biophysics [37, 38], echoing test-set contamination issues in other ML fields [39].

ProtBFF addresses this gap by injecting biophysical context into embeddings. Its five feature-based
masks emphasize structurally relevant residues, while cross-embedding attention integrates these
signals, yielding representations that generalize better. Notably, ProtBFF boosts models like ProSST
and ESM—encoders not designed for binding prediction—demonstrating its value as a lightweight
adapter for transfer learning.

Looking ahead, progress will require benchmarks with cluster-based splits that reflect evolutionary
diversity and models that combine learned representations with physics-based features across scales.
ProtBFF illustrates that robust protein engineering tools arise not from choosing between physics and
ML, but from integrating them.
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A Dataset Collation

A.1 SKEMPI Dataset Preprocessing

In this study, we used the SKEMPI2 dataset for both benchmarking and training. SKEMPI2 contains
345 protein complexes and 7,085 combinatorial point mutations with experimentally determined
∆∆G values, with structures obtained from the Protein Data Bank (PDB) [15]. Due to input size limits
of the smallest benchmarked model, ProSST (which was not trained to encode protein complexes),
the 10 largest complexes were excluded [19]. This yielded a final working set of 335 complexes and
6,631 mutational variants.

To ensure fair comparisons, this reduced SKEMPI2 dataset was used consistently for all training
and benchmarking. We applied ten-fold cross-validation using identical splits across all experiments.
Before generating the splits, we clustered sequences with CD-HIT to ensure that complexes in
different folds shared less than a specified sequence homology threshold [22]. This step mitigated the
data leakage issue in SKEMPI, since high sequence similarity often implies structural similarity[40,
41]. Given that SKEMPI2 contains many complexes with nearly identical composition, this clustering
also reduced structural homology overlap across folds [15].

A.2 FoldX Utilization

FoldX was used to generate mutant protein structures for all complexes in the SKEMPI2 dataset.
After applying RepairPDB twice to the wildtype structures, FoldX relaxes the mutant side chains
using the BuildModel function [5]. Importantly, this procedure does not modify the protein backbone.
Although not explored here, alternative methods that incorporate backbone relaxation, such as Rosetta,
may produce more accurate mutant structures—albeit at higher computational cost—which could in
turn yield improved biophysical features and enhance ∆∆G prediction accuracy [7]. Among the five
ProtBFF features, only dihedral and lDDT require FoldX mutant structures, since they depend on
comparing WT and mutant conformations. The other three features:interface, burial, and SASA are
computed solely from the WT structure and do not rely on mutant modeling.

B Further Framework Details

B.1 Embedding-aware attention Network Architecture

The ProtBFF framework operates by processing embeddings generated by a pre-trained encoder. For
each protein complex, 5 per-residue biophysical scores are computed, each associated with their
own scaled embedding. The k-th of the five embeddings is denoted by E(k) ∈ RL×M , where L
is the number of residues in the protein complex and M is the dimensionality of the embeddings.
In the standard case, L corresponds to the full sequence length of the complex; however, L may
also represent a subset of residues identified as important by the encoder. In such cases, a mapping
relation is used to relate positions in the full sequence to those retained in the reduced set, and scaling
is applied only to those residues.

Although the specific embedding dimensionality M may differ across different encoders, the
embedding-aware attention network is agnostic to this and can be adapted by adjusting its input
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size hyperparameter. All embeddings are of RL×M , thereby allowing for per-residue scaling and
subsequent pooling operations.

Once the per-score embeddings are obtained, they are max-pooled along the residue dimension,
producing five fixed-length vectors in RM . These are concatenated to form a single representation
X ∈ R5M , which is passed into the embedding-aware attention network. The network first reshapes X
back into its 5 constituent RM embeddings, which then each undergo an attention pooling operation.
The resulting 5 pooled vectors are processed via a cross-embedding attention mechanism, which
attends over all embeddings simultaneously, and normalized to produce a single R512 representation.
This final representation is passed through a three-layer multilayer perceptron (MLP) to produce
∆∆G predictions. The reported value is the average of the predictions for the forward and reverse
mutations to preserve anti-symmetry:

∆̂∆G =
f(Xforward)− f(Xreverse)

2
.

For a full schematic of the ProtBFF framework, please refer to Figure 2

B.2 Attention-model Training and Evaluation

The embedding-aware attention network is trained separately, and, for the SKEMPI2 dataset, it is
trained on embeddings generated from the wildtype and mutant sequences and structures present in
the dataset. The network contains two multilayer perceptrons (MLPs): one for predicting ∆∆G and
one for predicting interfacial lDDT (ilDDT). The ilDDT metric is equivalent to lDDT but restricted
to interchain contacts, producing a single scalar value for the entire protein complex rather than a
per-residue score [32, 42]. The ilDDT-predicting MLP is included during training as a regularization
mechanism, encouraging the network to learn features relevant to structural accuracy in addition to
energetic changes.

Because the embeddings are highly feature-rich, conditioning the model to recover ilDDT promotes
the extraction of meaningful structural information. This joint training is implemented using a
modified mean squared error (MSE) loss:

L = 1.0 ·MSE(∆̂∆G,∆∆G) + 0.2 ·MSE(îlDDT, ilDDT),

where ∆̂∆G and îlDDT are the network predictions, and the ground-truth ilDDT is calculated by
comparing the FoldX-mutated structure to the wildtype PDB template. The use of two output heads
ensures that conditioning occurs early in the network, at the cross-embedding attention stage, after
which the ∆∆G head can specialize in energetic predictions [28, 43]. During inference, the ilDDT
output is ignored, as it serves only as a conditioning signal during training.

C ∆∆G Predictor Benchmarking

We benchmarked eight baseline models, several of which are regarded as state-of-the-art, and
evaluated all models using ten-fold cross-validation. For ESM3, both sequence and structures were
embedded [9], while for ESM2, only sequences were embedded [34]. Although ProMIM and
DDAffinity incorporate features and code from RDE-Network, their architectures differ substantially
and have been reported to outperform it, making the comparison particularly relevant [18, 16, 17].

C.1 Model Training and Testing

Benchmarking for consistent comparison across all models was performed on the 60% sequence
similarity split of the SKEMPI2 dataset. The models were benchmarked on the entire dataset,
including both single and multiple point mutations.

Models not requiring retraining on SKEMPI2 (namely ESM2, ESM3, and ProSST) were used out-of-
the-box, while those requiring retraining (ProMIM, RDE-Network, RDE-Linear and DDAffinity)
were retrained across all ten folds according to their respective protocols. When ProSST, ESM2,
and ESM3 were adapted to the ProtBFF framework, the encoders were not retrained; instead, their
embeddings were used to train the attention network for ∆∆G prediction.
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Figure 3: Performance of all predictive models across sequence identity thresholds in SKEMPI2
measured by Spearman rank correlation coefficient. Each line represents a different model with the
legend identifying each model.

D Definition of Biophysical Scores

We define five novel biophysical scores, which are generated from the structural conformation
information, as follows.

The interface score is a normalized metric that quantifies how close a given residue is to a protein-
protein interface within a protein complex. A higher interface score indicates that the residue is
closer to the protein-protein interface and plays a more significant role in inter-chain interactions,
and, therefore, a mutation at that residue would be more influential on structural stability.

The interface score for residue i is

Ĩi =

∑
j∈N(i,9) e

−d2
ij/(2σ

2
interface) Cinter(j)

maxm Im
,

where N(i, 9) are the 9 nearest neighbors (including i), dij is the residue–residue distance, and
σinterface controls the Gaussian width. The inter-chain contact count is

Cinter(j) =
∑
ℓ̸=j

1
(
dij < 10Å ∧ chain(ℓ) ̸= chain(i)

)
,

and maxm Im is the maximum raw score (the numerator) across all residues. This normalization
yields values between 0 and 1 for direct comparison across residues.

The burial score quantifies how deeply buried a given residue is within a protein, informed by the
intuition that mutations to more buried residues generally cause more significant conformational
changes [17]. A higher burial score indicates a residue is more embedded in the protein’s interior.

The burial score for residue i is

ci =

∑
j∈N(i,9) cj

maxt∈L

∑
j∈N(t,9) cj

,

where N(i, 9) are its 9 nearest neighbors and cj is the count of residues within 10 Å of residue j.
Normalizing by the maximum neighbor-sum over all residues L yields values between 0 and 1.

The dihedral score quantifies the structural changes in side-chain dihedral (chi) angles that occur
after a mutation. The intuition behind this score is that mutations which cause significant alterations
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in chi angles can lead to substantial conformational rearrangements, potentially impacting the overall
stability and function of the protein. A higher dihedral score corresponds to a larger change in chi
angles upon mutation, indicating a more pronounced structural shift [44]. The dihedral score for
residue i is

∆Φi =
1

360

∑
j∈N(i,9)

|∆ϕj | ,

where N(i, 9) are its 9 nearest neighbors and ∆ϕj is the absolute change in chi angle(s) between the
wildtype and FoldX-generated mutant structures. Dividing by 360 normalizes the score to the range
between 0 and 1.

The SASA score quantifies the degree to which a residue is exposed to solvent in a protein structure,
with higher values indicating greater solvent exposure [45]. This score is calculated using the freesasa
package, which determines the SASA of each residue based on atomic coordinates provided in the
wildtype PDB structure [46]. The SASA score incorporates both the solvent exposure of the residue
of interest and the exposure of its nearby residues, weighted by their proximity.

The SASA score for residue i is the Gaussian-weighted sum of solvent-accessible surface areas for
its 10 nearest neighbors, normalized to [0, 1]:

SASAi =

∑
j∈N(i,10) SASAj wij

maxt∈{L}
∑

j∈N(t,10) SASAj wtj

Here, SASAj is the solvent-accessible surface area (from freesasa) of neighbor j, wij is a Gaussian
weight favoring closer neighbors, N(i, 10) is the 10 nearest neighbors of i, and {L} is the set of all
residues.

The lDDT score measures per-residue atomic conformational changes between the wildtype (template)
and FoldX-generated mutant (predicted) structures [32]. Larger changes indicate residues more likely
to affect overall structure and function. The score is normalized to [0, 1], and we scale embeddings
by 1− lDDT so that residues with greater changes receive higher emphasis during max pooling.

E Ablation Study on Biophysical Feature Contributions

To evaluate the relative contributions of the five biophysical features used in ProtBFF, we performed
a systematic ablation study. Each variant of the model was trained with one feature removed at a
time, while keeping the remaining components intact. This allowed for the quantification of their
individual importance in driving ∆∆G prediction performance.

E.1 Experimental Setup

We used the ProSST backbone as the base model for this analysis and trained each ablated ProtBFF
variant on the SKEMPI2 dataset clustered at 60% sequence identity, following the same 10-fold
cross-validation protocol described in Section C.1.

E.2 Ablation Study Results

Table 2 presents the effects of systematically removing each biophysical feature from ProtBFF.
All features contribute positively to predictive performance, with the interface and residue scores
showing the largest impact. Removing these two features leads to substantial drops in both Pearson
and Spearman correlations, confirming their central role in capturing mutational effects on binding
affinity.

The dihedral, SASA, and lDDT scores produce smaller, but still meaningful, reductions in perfor-
mance, indicating that they provide complementary structural information that refines the model’s
predictions. Additionally, we tested the impact of removing the ilDDT-based loss function. While its
effect is less pronounced than the biophysical scores themselves, we observed a measurable decline
in both correlation metrics, verifying that incorporating structural fidelity into the training objective
improves model robustness. Finally, a baseline variant without any biophysical scores performs
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significantly worse, demonstrating that the multi-feature integration strategy is crucial for ProtBFF’s
predictive power.

E.3 Discussion of Ablation Results

These results confirm that each biophysical feature contributes uniquely to ProtBFF’s predictive
performance. The interface and residue scores encode the most directly relevant signals for mutational
effects, while the SASA, dihedral, and lDDT scores provide complementary structural context that
refines predictions. The ilDDT loss function further improves model robustness by encouraging
structural fidelity during training, albeit with a smaller impact than the feature scores themselves.
Importantly, no single feature or loss term is sufficient on its own, underscoring the necessity of
integrating multiple biophysical signals alongside a structure-aware loss to achieve state-of-the-art
∆∆G prediction.
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