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1 | INTRODUCTION
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Abstract

Protein—protein interactions (PPIs) are shaped by evolutionary pressures
that fine-tune binding affinities and drive the epistatic relationships that sup-
port functional outcomes. Here, we used the complex of bovine pancreatic
trypsin inhibitor (BPTI) and chymotrypsin as a model system to study how
mutations at one or two positions affect binding affinity and epistasis. To
predict the binding affinity landscape of the BPTI-chymotrypsin complex,
we combined deep sequencing data, obtained from a saturation scanning
mutagenesis BPTI library, with a machine-learning (ML) model. Using this
ML model, which was trained on a subset of experimental binding data, we
predicted the binding affinities and epistatic interactions across thousands
of single and double BPTI mutants, including those not observed in the
library. Our predictive approach completed missing data points and enabled
us to reveal global trends in affinity changes and mutation couplings within
specific binding interface positions. Our analysis revealed that different
mutations in the same position may have different effects on affinity, with
most double mutations leading to increased epistasis, particularly at hotspot
positions, thereby indicating a cooperative binding effect. In most cases,
affinity and epistasis were inversely correlated, with affinity enhancement of
double-mutant variants being associated with negative epistasis. Our
approach can be readily generalized to predict mutation effects in larger
combinatorial libraries and in proteins for which structural information is
lacking.

KEYWORDS
bovine pancreatic trypsin inhibitor, chymotrypsin, deep mutational scanning, machine learning,
neural networks, protein engineering, protein—protein interactions

binding (i.e., hotspots) (Lin et al., 2012), others offer
opportunities for improvements in binding affinity

Protein—protein interactions (PPIs) are central to many
biological functions—from signaling to immune recogni-
tion. These interactions, which are shaped by natural
evolution, depend on specific residues at the binding
interface, where mutations (even a few) can signifi-
cantly strengthen or weaken affinity (Kortemme &
Baker, 2002). While some positions are critical for

(i.e., coldspots) (Shirian et al., 2016).

Unlike natural evolution, which balances multiple
constraints, such as affinity, specificity, solubility,
and/or stability, library-assisted directed protein screen-
ing allows us to focus on optimizing a single function—
in this case affinity. Although mutations at single posi-
tions may have a strong effect on affinity, they are often
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influenced by residues at other positions, a phenome-
non known as epistasis (Lipsh-Sokolik &
Fleishman, 2024). This interdependence between resi-
dues adds complexity to the process of protein design
and highlights the importance of mapping mutational
effects in a combinatorial context in a large sequence
space. A method widely used to enable a broader
exploration of protein sequence space comprises
screening large libraries of protein variants. Although
this method for mapping the binding landscapes of pro-
tein complexes provides a robust platform that is both
scalable and effective, library screening suffers from
two major drawbacks, namely, multiple rounds are
required to isolate optimal variants and the resolution of
the full mutational landscape remains limited.

More recently, high-throughput methods, such as
deep mutational scanning (DMS) coupled with high-
throughput sequencing (HTS), have enabled the
screening, in a single experiment, of large libraries
encompassing thousands of variants (Fowler
et al., 2014; Fowler & Fields, 2014). These experimen-
tal approaches may be integrated with computational
analyses to interpret large datasets, to identify key
determinants of function, and to guide further study
design. Recent work has demonstrated that DMS can
be used not only to map affinity or selectivity land-
scapes (Aharon et al., 2020; Heyne et al., 2021; Naftaly
et al., 2018) but also to systematically quantify epistasis
(Judge et al., 2024), thereby uncovering extensive net-
works of cooperative and compensatory interactions
between residues within protein binding interfaces.
Such an approach could similarly be applied to various
protein complexes to guide library-assisted protein
design. However, even the above-mentioned advanced
techniques have the inherent limitation that the combi-
natorial explosion of the sequence space as the num-
ber of mutated positions increases makes it impossible
to generate and test all possible variants.

To address the limitations of incomplete experimental
coverage of protein libraries, machine-learning (ML)
approaches have been increasingly applied to guide pro-
tein design. For example, ML-guided directed evolution
has been applied to predict mutation effects and to priori-
tize promising variants, thereby greatly improving the effi-
ciency of protein engineering and optimization (Guo &
Yamaguchi, 2022; Wu et al., 2019; Yang et al., 2019).
Notably, ML, particularly deep neural networks, has been
successfully used to predict protein function, as exempli-
fied in a number of ways—by the implementation of the
ProBASS model to predict the effect of mutations on bind-
ing affinity (Gurusinghe et al., 2024); by the application of
deep learning to model the affinity landscapes of PPls
(Meiri et al., 2024); and by the power of neural networks
in protein sequence design (Dauparas et al., 2022).
These advances establish ML as a key tool for overcom-
ing experimental limitations and guiding rational protein
design.

In the current study, we leveraged ML to study the PPI
between the serine protease inhibitor, bovine pancreatic
trypsin inhibitor (BPTI), and chymotrypsin and—through
that interaction—the affinity landscape of BPTI, a well-
characterized 58-amino-acid globular protein that tolerates
multiple mutations without disruptions in its fold or its activ-
ity. The broad specificity and high stability of BPTI make it
an ideal model for studying protein conformation and the
molecular basis of PPIs (Ascenzi et al., 2003). Importantly,
its binding to chymotrypsin is mediated exclusively by
direct amino acid interactions, independent of any post-
translational maodifications. Chymotrypsin, which binds
BPTI with moderate affinity (K;=10"8M) (Castro &
Anderson, 1996), serves as a suitable protease partner
for exploring BPTI's affinity landscape. ML models have
thus been applied to study the BPTI—chymotrypsin com-
plex (Gurusinghe et al., 2024); for example, in a study
investigating affinity and epistasis of the BPTI-
chymotrypsin complex, Heyne et al. generated a library of
single and double mutants limited to 12 interfacial posi-
tions in BPTI (Heyne et al., 2021). However, in that study,
only approximately half of the possible double-mutant vari-
ants were present in the library, limiting the completeness
of the binding landscape.

In the current study, we developed an ML-based
method to predict the binding affinities of all possible
double-mutant BPTI variants, including those not included
in the above-described library, thereby enabling the con-
struction of the full binding landscape of a protein with two
mutations. Using a supervised learning approach, we
trained our model to predict the binding affinity (AAGping)
of single and double BPTI mutants to chymotrypsin, and
on the basis of those predictions, we were then able to
predict the epistatic effect of double mutations in all
double-mutant variants. The predictions revealed trends
in affinity and epistasis that deepened our understanding
of the BPTI-chymotrypsin interaction landscape. We
were also able to dissect out the roles played by the char-
acteristics (e.g., charge, hydrophobicity) of each amino
acid in affinity and epistasis. In general, an ML-based
method such as ours could be expanded to predict librar-
ies with mutations at more than the 12 interface positions
tested in the current study as well as to cover sequences
whose structures are currently unknown.

2 | RESULTS

An overview of our experimental and computational
workflow is presented in Figure 1.

21 | Re-processing BPTI-chymotrypsin

deep mutational scanning data

To predict the affinity and epistasis of double-mutant
BPTI variants in a complex with chymotrypsin, we
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Overview of our experimental and computational workflow for identifying the affinity/epistasis landscape of bovine pancreatic

trypsin inhibitor (BPTI) in complex with chymotrypsin. (a) A BPTI-derived library containing single- and double-mutant variants was generated
(Heyne et al., 2021). (b) and (c) The library was yeast surface displayed, subjected to flow cytometry screening for affinity to chymotrypsin, and
sorted using four gates, each having different affinities to chymotrypsin. The fractions were then analyzed by HTS (Heyne et al., 2021). (d) and
(e) This study: Computational analysis of the HTS results (Heyne et al., 2021) was followed by calculation of the frequency of each variant in
each of the four gates, thereby generating a sequence—log, ER dataset, where ER—enrichment ratio. (E) Based on the log, ER values, a neural
network was trained to accurately and quantitatively predict the impact of unobserved mutations on the binding affinity. (F) log, ER values from
all gates were combined into a single AAGy,ng prediction by using linear regression. (G) The final step comprised evaluation of the model

performance and analysis of the affinity/epistasis landscape.

reanalyzed the HTS data previously produced by
Heyne et al. (2021). That data was based on a BPTI
library of variants having one to two mutations at 12 dif-
ferent positions, namely, positions 11-13, 15-18, 34—
37, or 39. Enrichment of the library, via a yeast-surface-
display-based screening method, enabled the sorting
of the BPTI variants into four gates (fractions) accord-
ing to their affinity to chymotrypsin; those gates were
designated high affinity (HI), wild-type (WT)-like affinity,
slightly lower (SL) affinity than wild type, and low affinity
(LO). In the current study, for each gate we filtered out
sequences of variants that lacked the TAGC primer
(the start of the protein-coding region) and those that
were too short, contained invalid nucleotide characters
(i.e., not A, C, G, or T), or had mutations in positions
other than the 12 pre-defined positions (at the amino-
acid level); the BPTI sequence of amino acids 1-54
was used as a reference. We successfully recovered a
total of 258033, 254909, 279096, and 214380

amino-acid sequences from the HI, WT, SL, LO gates,
respectively, and 474383 amino-acid sequences from
the pre-sort library. We then calculated the log, ER
(Equations (1)—(3)) of each variant, which is the relative
enrichment of that variant in a particular gate compared
to the pre-sort library.

2.2 | Training our models to predict the
affinity of BPTI variants

Out of the 228 potential single-mutant BPTI variants in
the library (19 amino-acid substitutions x 12 positions),
we observed 213 (~93.4%), 227 (~99.6%), 228 (100%),
228 (100%), and 228 (100%) variants in the HI, WT, SL,
and LO gates and the pre-sort library, respectively. Out of
the 23,826 potential double-mutant BPTI variants
(19 x 19 double amino-acid substitutions x 66 pairs of
positions), we observed only 3383 (~14.2%), 4943
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TABLE 1 Hyperparameter search range for fully connected NN and optimal values.

Hyperparameter Search range HI gate WT gate SL gate LO gate

Batch size {32, 64, 128, 256, 512} 256 32 32 32

Number of epochs {10, 20, 30, 40, 50} 50 30 20 30

Optimizer learning rate {107%,107%, 5 x 1074,107% 1073 1073 1073 1073

Layers in the architecture {3, 4, 5} [64, 32,32,32] [64,32,32] [64,64,32,32] [64,64,32,32,32]

Neurons in the architecture’s layers {32, 64, 128, 256}

Dropout {0,0.1, 0.2, 0.3, 0.4, 0.5} 0.1 0.3 0.1 0.2

Pearson correlation (validation set) - 0.871 0.830 0.840 0.763

Pearson correlation (test set) - 0.861 0.650 0.750 0.803

(~20.7%), 12,853 (~53.9%), 15,768 (~66.2%), and
21,179 (~88.9%) in the HI, WT, SL, and LO gates and
the pre-sort library, respectively. To impute the missing
space of the double-mutant variants, we trained an ML
model over each gate to predict the log, ER value of any
given variant. To train the four models, we used the data-
set of observed single- and double-mutant variants and
their respective log, ER values as labels.

2.21 | Hyperparameter search and model
performance evaluation

For each of the four ML models, we held out 20% of
high-quality variants (i.e., the most frequent variants
according to their total read count in the pre-sort
library and the selection gates). Of these 20%, we
used half for testing the trained model (the most fre-
quent variants in the held-out set) and the other half
for hyperparameter and model search, which
included neural-network architecture and input rep-
resentation selections. We trained each model on
the remaining 80% of the variants. For the hyper-
parameter and model optimization, we assessed the
performance of the model for each gate by using the
Pearson correlation of the predicted log, ER values
with the measured log, ER values on the validation
set (Table 1). The rationale for using the Pearson
correlation was that it enabled us to rank the variants
by relative enrichment across the gates.

Among the evaluated architectures and input repre-
sentations, the best performance was obtained for two
model configurations, where one received only
ESM2-derived features (R = 0.827) while the other
received both one-hot and ESM2-derived features
(R = 0.826), which we selected for its hybrid input rep-
resentation (Table S1). After hyperparameter and
model architecture and input representation search, we
re-trained the models on 90% of the variants and evalu-
ated each on its respective held-out 10% test set. Pear-
son correlations of 0.885, 0.686, 0.802, and 0.837 were
obtained for the HI, WT, SL, and LO gates, respectively

(Figure 2a—d). An additional evaluation of the model for
each gate in a random train-test split confirmed the high
performance of the models, with Pearson correlations
of 0.869, 0.749, 0.756, and 0.618 for the HI, WT, SL,
and LO gates, respectively (Figure S1). The high corre-
lations thus highlight the ability of our models to accu-
rately predict log, ER values.

2.2.2 | Evaluating the prediction of
absolute binding affinities

We tested the ability of our four models to predict
experimental binding data for purified proteins. We
curated AAGuh,g chymotrypsin-binding measure-
ments of 27 BPTI single-mutant variants from the lit-
erature (Castro & Anderson, 1996; Krowarsch
et al.,, 1999). In this evaluation, we removed these
27 variants from the training sets. The absolute Pear-
son correlations between the predicted ERs and the
experimental AAG,q values were 0.774, 0.526,
0.064, and 0.832 for the HI, WT, SL, and LO models,
respectively (Figures 3a and S2). The highest corre-
lations with the experimental measurements of the
purified proteins were obtained for the HI and LO
models.

We also tested the ability of our models to predict the
binding affinities of double-mutant variants. We curated
affinity (AAGping) Values from previous studies of 10 dou-
ble-mutant BPTI variants (Buczek et al., 2002; Grzesiak
et al., 2000; Kiczak et al., 2001) and used those values as
a held-out test set. Similar to the evaluation for the single
mutants, we excluded these 10 variants from the training
set of each model. The absolute Pearson correlations
between predicted log, ER values and experimental
AAGy;ng values were 0.808, 0.834, 0.175, and 0.851 for
the HI, WT, SL, and LO models, respectively (Figures 3b
and S3). The HI, WT, and LO models performed the best,
with particularly high agreement being observed for the HI
and LO gates. We thus concluded that the HI and LO
gates may be particularly informative for predicting the
binding affinities of double mutants.
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2.3 | Integrating affinity-gate predictions
to estimate AAG,ing

2.3.1 | Improving AAGying prediction by
combining all affinity gates

To predict the absolute binding affinity of each variant,
we developed a linear regression model that converts
the log, ER values derived from ML predictions into
predicted AAGying values. We fitted a linear regression
model on the 27 experimentally measured AAGyping
values by combining the log, ER values of the four
gates (ERH|, ERSL: ERWT, ERLO) (Equation (4)) The
resulting model showed an excellent fit to the training
data (R = 0.914; Figures 3a and S4A). While the HI
and LO gate models showed relatively high correlations
(R=0.774 and 0.832, respectively), the combined
AAGying prediction achieved an even higher correlation
(Figure 3a). We posit that this improvement arose
because the combination prediction served to neutral-
ize the gate-specific noise or biases introduced by each
affinity gate. Integrating information from all four gates
likely reduces these errors, leading to more accurate
and robust predictions.

We then applied this approach to predict AAGy;ng Of
double-mutant variants and used the same equation
that we generated to fit the 27 single mutants to predict
the AAGyphg Of the double mutants. This approach
yielded a high correlation (R = 0.910; Figures 3b and
S4B), exceeding the correlations for the individual
gates (R = 0.808, 0.834, and 0.851 for the HI, WT and
LO gates, respectively; Figure 3b).

2.3.2 | Comparing double-mutant AAGyjng
predictions with an additive baseline

To directly compare the combined AAGy,;,q predictions
with a simple additive baseline, we calculated an addi-
tive prediction for each double mutant as the sum of the
predicted AAGy,g Values of the two corresponding sin-
gle mutants. We then compared both the direct double-
mutant predictions and the additive predictions against
the experimental AAG,g Vvalues for the same
10 double mutants, which we excluded with their
single-mutant counterparts from the training set in this
analysis. Since this test set included only 10 double-
mutant variants, we performed bootstrapping
(i.e., report the mean and standard deviation over all
10-, 9- and 8-subsets) to enhance robustness. The
direct predictions of double-mutant variants achieved a
Pearson correlation with the experimental values
greater by several standard deviations compared to the
additive baseline (R =0.930+ 0.014 and R=0.874
+ 0.040, respectively). These results indicate that the
direct model modestly improves the ranking of double-
mutant affinities relative to an additive prediction.

2.4 | Binding affinity landscape of the
BPTIl-chymotrypsin complex

241 | Complete binding affinity landscape
We generated the binding affinity landscapes of BPTI-
chymotrypsin complexes for all single- and double-
mutant variants (Figure 4a). We then computed the
average affinity (AAGying) Obtained from mutating two
positions simultaneously (Figure 4b), thereby enabling
us to assess the influence of individual positions as well
as the combined effect of pairs of positions on the affin-
ity between BPTI and chymotrypsin. We observed that
mutations at positions 12, 16, and 36, and to a lesser
extent at positions 35 and 37, led to a decrease in the
average AAGyping When combined with mutations at
other positions, suggesting that the above five positions
can be identified as hotspots (Figure 4b). Heyne et al.
similarly identified positions 12, 16, 36, and 37 as hot-
spots on the basis of an analysis of their experimental
data (Heyne et al., 2021). In contrast, when positions
11, 13, and 34 were mutated simultaneously, we
observed an improvement in affinity, indicating a coop-
erative effect between these positions. Notably, posi-
tions 11, 13, 34, and 39 clustered spatially within the
structure, suggesting cooperative local interactions,
whereas adjacent positions 12 and 16 acted as hot-
spots, likely reflecting their essential role in maintaining
the binding interface. Examination of a higher-
resolution heatmap of the affinity values for all single
and double mutants revealed that, for some positions,
amino acids with similar physicochemical properties
(such as positively charged, negatively charged, hydro-
phobic, or polar residues) tended to have similar effects
on affinity (Figure 4a). For example, when Lys 15 in
BPTI was mutated to another positively charged or aro-
matic residue or to Leu or Met, the affinity of BPTI for
chymotrypsin was enhanced (Figure 4c). At the same
position, negatively charged, hydrophilic residues led to
a decrease in affinity, as did certain hydrophobic resi-
dues, such as Val, Ala, lle, and Pro. These findings are
in agreement with a previous study that determined the
affinities of multiple variants mutated at position
15 (Krowarsch et al., 1999).

To study the influence of the physicochemical prop-
erties of the amino acid residues in BPTI on its affinity
to chymotrypsin at the atom level, we used the physics-
based FoldX Suite to model different mutations at posi-
tion K15. Our analysis showed that the mutations K15R
and K15H increased the affinity of BPTI toward chymo-
trypsin, with the enhanced affinity being due mainly to
the hydrogen bonds formed between the side chain of
the residue at position 15 and the surrounding residues.
Notably, at position 15, Lys has three hydrogen bonds
and Arg has four, but His has only one. In contrast, our
FoldX-based calculations suggested that the reduction
in hydrogen bonds for His was accompanied by an
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FIGURE 4 Affinity landscape of single- and double-mutant BPTI variants in the BPTI-chymotrypsin complex. (a) Affinity (AAGping) Values
for all variants. (b) Average AAGy,nq for each pair of mutated positions. (c) and (d) AAGy,nq for each variant mutated at (c) position 15 or

(d) position 18 with all other 11 BPTI positions.

increase in the sidechains’ entropy and hence that the
overall binding energy of BPTI-K15H was favorable for
binding. The physics-based model indicated that the
sidechains of D15 and E15 did not form hydrogen
bonds with their surrounding residues, resulting in less
favorable conditions for the formation of BPTI-
chymotrypsin complexes. Our calculations for a differ-
ent set of mutations involving small-to-medium amino
acids, such as K15V, K15A, K15l, and K15P, showed
that the binding energy (compared to that for the above
four mutations at K15) was positive, again meaning that
the conditions for complex formation were unfavorable.
This was mainly because a hydrophobic residue
(in BPTI) being buried within a region (in chymotrypsin)
with many polar groups. An exception to this explana-
tion is demonstrated for K15P, in which a large determi-
nant is the BPTI backbone strain due to the rigidity of
Pro. This strain likely introduces backbone displace-
ment, which has a negative effect on the binding affinity

(Figure S5). Yet another mutation at position 15, namely
K15L, which results in different physicochemical prop-
erties, was also experimentally found to increase the
BPTI-chymotrypsin interactions. Our modeling results
are consistent with these experimental findings. Our
calculations show that this affinity enhancement of
K15L is due mainly to the lack of van-der-Waals
clashes between the L15 sidechain and the surround-
ing residues (in chymotrypsin’s S1 pocket) and the
absence of steric hindrance in comparison to 115 and
V15, which both have [-branched sidechains. The
binding preference for L15 over 115 and V15 is consis-
tent with other structural analyses of BPTI-
chymotrypsin complexes (Helland et al., 2003).
Another example is provided by the substitution of
lle18: Upon substitution of lle with a positively charged
residue, affinity was improved (except when position
18 was combined with hotspot positions as partner
positions), whereas substitution of lle at the same
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position with a negatively charged residue or with Pro
or Gly resulted in decreased affinity (Figure 4d).

24.2 | Binding affinity per position

To characterize positional effects, we analyzed the dis-
tribution of mutations in the four affinity gates. For each
of the 12 relevant positions, we calculated the fre-
quency of variants falling in each gate. There was a
higher representation of variants mutated at positions
12, 16, and 35-37 in the LO gate than in the HI gate
(Figure 5). This enrichment supports the identification
of these five positions as affinity hotspots, as mutations
at these positions are strongly associated with reduced
binding affinity. The fact that substitutions at these posi-
tions frequently resulted in low-affinity variants rein-
forces the conclusion that these residues (i.e., 12,
16 and 35-37) play critical structural and functional
roles in maintaining the binding interface.

To further evaluate the ability of our models to pre-
dict changes in affinity that result from changes for all
residues in BPTI (including positions “unseen” by the
model), we performed a position-wise holdout evalua-
tion. For each iteration, all variants (single and double
mutants) containing a mutation at a specific position
were excluded from the training set and used exclu-
sively as the test set. Thus, the model had to predict
the effect of mutations at a specific position based
solely on information learned from other positions. The
predictive performance of the models varied substan-
tially between positions, with positions 34, 39, and
13 exhibiting the highest average correlations across
the gates (average correlations 0.654, 0.628, and
0.602, respectively), indicating that their mutational
effects were governed largely by generalizable

sequence patterns. In contrast, positions 16, 12, and
15 gave low performance (average correlations 0.175,
0.341, and 0.349, respectively) (Table S2). Notably,
positions previously identified as affinity hotspots were
among the most difficult to predict under this strict posi-
tional holdout scenario. Although low-affinity variants
were enriched with hotspots, their effects did not gener-
alize to unseen positions, suggesting that their contri-
bution to binding is highly position specific.

To further assess the implications of position-
specific information, we repeated the analysis using a
subset of the position-wise held-out variants. For each
target position, 10% of variants from the original held-
out set were reserved as an independent test set. Two
models were then trained—one excluding all target-
position variants, as in the strict position-wise holdout,
and one including the remaining target-position variants
not used for testing. Across all four affinity gates, the
latter model consistently gave a higher correlation
between predicted and measured log, ER values, indi-
cating that access to target-position variants improves
model performance (Figure S6).

2.5 | Epistasis prediction and landscape
analysis
2.5.1 | Epistasis landscape of BPTI-

chymotrypsin complexes

To evaluate the impact of two mutated positions on
binding affinity compared to the sum of individual
changes, we predicted the epistasis (denoted as ¢) of
all double mutants. We identified double mutations with
relatively high positive or negative epistasis by calculat-
ing the difference between the binding affinity value of
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a double mutant (AAGying,j) versus the sum of binding
affinity values of its single mutants (AAGpng,; and
AAGging,) (Equation (5)). Theoretically, negative (e< 0)
or positive (¢ >0) epistasis is obtained for double
mutants when the affinity is lower or higher, respec-
tively, than that expected from the independent contri-
butions to affinity (i.e., the additive effect) of each of the
two single mutations. Ideally, mutations in two positions
are defined as additive if the mutations have neither
positive nor negative epistasis effects, that is, ¢ = 0, but
in practice affinity may be regarded as additive when ¢
is relatively close to 0. We thus predicted ¢ for each
double mutation (Equation (5)) (Figure 6a). We also
averaged e for each pair of mutated positions
(Figure 6b), thereby enabling us to determine the role
played by specific positions in determining epistasis.
The predicted epistasis landscape of all double
mutants revealed both positive and negative patterns
(Figure 6a). Averaging epistasis across all amino-acid
substitutions for each pair emphasized consistent posi-
tional trends (Figure 6b). Notably, pairing hotspot
positions often resulted in positive average epistasis,
indicating cooperative effects when residues in these
key positions were simultaneously mutated. In contrast,
the pairing of positions 13 and 34 with many other posi-
tions gave predominantly negative average epistasis
(e.g., when position 34 was mutated together with posi-
tions 11, 13, or 39), indicating that combinations involv-
ing these positions generally resulted in lower-
than-expected affinity relative to an additive model. On
the other hand, the pairing of position 18 with other
positions showed both positive and negative average
epistasis depending on the residue with which they

were paired. Although individual mutation combinations
spanned both positive and negative values, positional
averaging revealed consistent trends for specific resi-
due pairs. These patterns may reflect underlying struc-
tural or functional relationships between positions,
rather than purely stochastic mutation-specific effects.

252 | Affinity and epistasis in BPTI-
chymotrypsin complexes

To explore how mutations interact to affect the binding
affinity landscape, we analyzed double mutants by
combining substitutions at one position (e.g., position
15) with mutations at other positions. By comparing the
affinities of double mutants to the sum of the corre-
sponding single-mutant effects, we quantified epistasis
and identified patterns linking changes in affinity with
epistatic interactions.

In some cases, affinity and epistasis were inversely
correlated. For example, when Lys15 was mutated to a
positively charged or an aromatic residue or to Leu or
Met, affinity was enhanced but epistasis decreased.
Specifically, for the variant Lys15Tyr_Arg39Ala, the
values obtained for AAGying,i (Lys15Tyr) and AAGying,
(Arg39Ala) were —2.382 1+ 0.265 and —1.042 £ 0.330,
respectively, and that for AAGyping; was —1.681
1 0.350 (lower affinity than expected). If the effect of
the mutations on binding had been additive, then
AAGyping,j Would have been the sum of AAGyng,; and
AAGpingj = —3.424, giving an epistasis value of ¢ =
—1.743 £ 0.336. In contrast, negatively charged or
hydrophilic residues and some hydrophobic residues at
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position 15 reduced affinity but increased epistasis,
particularly if combined with hotspot positions
(Figure 7a,b). Another example of the inverse correla-
tion between affinity and epistasis was evident in the
reduced affinity but increased epistasis upon substitu-
tion of Arg 17 with a negatively charged residue or Gly,
Thr, or Pro, with the effect being stronger when the sub-
stitution was combined with a substitution in a hotspot
position (Figure 7c¢,d).

This trend of a negative correlation between affinity
and epistasis was particularly striking when a single
position was mutated, as may be seen in examples of
variants with two mutations of which one is in position

15. For these variants, the trend persisted across all
subsequent mutations added to that position
(i.e., position 15), highlighting the significant influence
of the first mutation, here in position 15, on the overall
epistasis and affinity outcomes of the double mutants.
We also identified cases in which affinity and epista-
sis were positively correlated. Specifically, as affinity
increased, the epistasis of the double mutants was pos-
itive, whereas when affinity decreased, the epistasis
was negative. For example, mutating lle18 together
with specific substitutions at positions 11, 13, or 17 led
to reduced affinity and reduced epistasis, particularly
when position 18 was occupied by hydrophilic or
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certain hydrophobic residues. At position 11, substitu-
tion with a charged residue or with Gin, Tyr, Phe, Leu,
or Met reduced both affinity and epistasis, while Gly,
Cys, and Ser residues and some hydrophobic residues
tended to increase both affinity and epistasis. We
observed similar trends at position 13, where substitu-
tions with a negative residue or with Cys, Ser, or Thr
reduced both affinity and epistasis. At position 17, sub-
stitutions with a positively charged residue or with Cys,
Ser, Trp, Ala, Val, or Asn led to similar effects
(Figure 7e,f).

The correlation between affinity and epistasis did
not hold consistently across all mutation pairs intro-
duced at the same position, indicating that the effect of
a single mutation in a paired mutation was not always
dominant. For some cases, the effect of one of the
mutations in a pair appeared to be both context sensi-
tive and more position- and mutation-dependent than
its counterpart. In these cases, the other mutation in
the pair could either complement or disrupt the effect of
the first mutation, leading to less predictable and more
complex interactions between the mutations. We thus
concluded that for mutation pairs the overall outcome of
the interaction between affinity and epistasis is not dic-
tated solely by the first mutation but is also shaped by
the specific nature of the other mutation in the pair and
by the interaction between the two mutations.

3 | DISCUSSION

Mapping binding affinity landscapes in protein com-
plexes is a challenging task, since generating and
screening large mutagenesis libraries is often limited by
experimental constraints. In this study, we addressed
this challenge in the BPTI—chymotrypsin complex as a
model system. This model was chosen for two reasons:
the BPTI-chymotrypsin interaction is well characterized
and the complex exhibits an intermediate binding affin-
ity. This mid-range affinity enables detection of both
affinity-enhancing and affinity-weakening mutations,
thereby enabling comprehensive mapping of the full
binding landscape. To this end, we focused on map-
ping affinity landscapes in complexes of chymotrypsin
with single or double BPTI mutants and on exploring
the epistasis landscape for all the complexes with dou-
ble BPTI mutations. We showed that the impact of
mutations on binding and epistasis could be predicted
using our proposed approach combining DMS, HTS,
and ML techniques.

3.1 | Factors influencing the coverage of
mutational landscape

The limited/partial coverage of the theoretical double-
mutant landscape results from a combination of
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technical limitations in library generation and sequenc-
ing together with the biological constraints imposed by
affinity-based selection. Incomplete coverage of the
23,826 theoretical double mutants was to be expected,
due to limited library representation and sequencing
depth. After sorting, diversity is further reduced, since
each gate contains only variants whose affinities fall
within its selection range. Deeper sequencing and/or
sorting a higher number of cells could recover addi-
tional, less frequent variants, yet improvements would
still be constrained by sequencing costs. Although each
sorted gate was sequenced to a similar depth (~200 K
reads), coverage still varied substantially between
gates (14%—66%), in contrast to the presorted library,
which reached ~89% coverage (400 K reads). This dis-
parity of coverage between gates suggests that
reduced diversity within gates primarily reflects affinity-
based enrichment rather than insufficient sequencing
depth.

3.2 | Combining ESM2 embeddings with
position-specific encoding

Our ML models were notably quite simple (3-5 fully
connected layers), but we were still able to leverage
pretrained Transformer-based ESM2 embeddings for
rich contextual sequence representation. These
embeddings were concatenated with position-specific
one-hot encoding, allowing the model to integrate
explicit information about substitution identity with
broader sequence-derived features. The strong predic-
tive performance observed here suggests that this
combined representation is sufficiently expressive to
capture non-linear mutational effects within a single
protein system.

3.3 | Interpreting model performance in
the context of binding affinity and interface
structural features

3.3.1 | Interpretation of model performance
across affinity gates

Our ML models (for the four gates) showcased the
strong predictive performance of log, ER values, partic-
ularly those for the HI and LO gates, which showed
high correlations with affinity values (AAGy,ng) for puri-
fied proteins (single- and double-mutant variants) taken
from the literature (Buczek et al., 2002; Castro &
Anderson, 1996; Grzesiak et al., 2000; Kiczak
et al., 2001; Krowarsch et al., 1999). We posit that the
better correlations for the HI and LO affinity gates may
be attributed to the greater change in affinity for chymo-
trypsin of the variants in those gates relative to the wild-
type protein. Moreover, when we examined correlations
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between our predictions and the affinities of purified
single mutants, we observed that the test set included
mostly (17 out of 27) variants mutated at position 15.
Similarly, all of our evaluated double mutant variants
included a mutation at position 15, and in 6 of the
10 cases the second mutation was at position 16. Posi-
tion 15 is a key position in BPTI (Krowarsch
et al., 1999) with a distance of less than 5 A from some
of the target residues [e.g., 4.46 A for Met44 or 4.74 A
for Serd7 in chymotrypsin; distances were calculated
using Coot 0.9.8 (Emsley et al., 2010)]. The proximity
of position 15 in BPTI to the target suggests that the
affinity changes (whether increasing or decreasing)
caused by mutations at this position could be more pro-
nounced compared to affinity changes resulting from
mutations in other positions. This finding may explain
why the HI and LO models, which capture more
extreme changes, performed well for variants with
mutations at position 15. It should also be noted that
10 of the 27 variants in the above-mentioned test set
were single mutations with substitutions to Ala. The
known impairment of protein affinity by Ala substitutions
(Meiri et al., 2024; van Petegem et al., 2008) may
explain why the log, ER values for the LO affinity gate
give better predictions than other gates for those vari-
ants. This improved prediction ability is reflected in the
experimental data showing an enrichment of variants
mutated to Ala in the LO and SL populations, indicating
a decrease in affinity. Combining predictions from all
four affinity gates further improved the correlation of the
predicted log, ER values to affinity values taken from
the literature, suggesting that such integration of predic-
tions may average out gate-specific noise and thus
yield more robust predictions.

3.3.2 | Position-specific hotspots and the
distinct role of position 15

Mapping the affinity landscape of double-mutant vari-
ants in BPTI-chymotrypsin complexes revealed that
mutations at positions 12, 16, and 36, and to a lesser
extent at 35 and 37, consistently reduced average
AAGping Values when combined with other mutations;
these positions were therefore identified as key hot-
spots, consistent with the findings of Heyne et al., who
identified similar hotspots at positions 12, 16, 36, and
37 (Heyne et al., 2021). Although position 15 has been
identified as a hotspot in BPTI complexed with other
proteins, such as bovine trypsin (Heyne et al., 2020),
our results showed that it does not function as a hot-
spot in the BPTI-chymotrypsin complex. On the con-
trary, we found that mutations at position 15 may
enhance the affinity of BPTI to chymotrypsin, particu-
larly when the Lys in this position in the wild-type BPTI
is replaced with an aromatic amino acid. This differen-
tial change in affinity resulting from mutating position

15 in BPTl/chymotrypsin versus BPTIl/bovine trypsin
could be explained by the susceptibility to cleavage of
Lys by bovine trypsin but not by chymotrypsin, which
primarily recognizes aromatic amino acids, thus pre-
venting position 15 from acting as a hotspot. This find-
ing also highlights how mapping the full affinity
landscape may enable us to better understand and
draw conclusions as to how the nature (i.e., positive,
negative, hydrophobic, or hydrophilic) of amino acids in
the interface or at other positions may shape changes
in the binding affinity in the complex.

3.3.3 | Position-dependent predictability
across the binding interface

Our position-wise analysis indicated that mutational
effects are not uniformly transferable across the inter-
face. Positions 34, 39, and 13 remained relatively pre-
dictable when excluded from training, suggesting that
their effects follow smoother sequence—affinity rela-
tionships that can be inferred from other residues. In
contrast, hotspot positions, such as 12 and especially
16, were more difficult to predict, despite their strong
enrichment in the low-affinity gate. This reduced pre-
dictability likely reflects structurally proximal interac-
tions that cannot be inferred solely from mutational
trends at other positions. The reduced prediction perfor-
mance at specific residues indicates that structural con-
text, rather than encoding alone, underlies hotspot
unpredictability. Consistent with this interpretation, we
found that when variants containing mutations at the
target position were included in the training set, predic-
tion performance increased profoundly. We therefore
concluded that predicting mutational effects at positions
with strong structural influence on binding requires
training examples that include mutations at these same
positions, highlighting the limited ability of the models to
extrapolate such structural effects on binding from other
regions of the interface.

3.4 | Epistasis patterns in the BPTI-
chymotrypsin binding landscape

Epistasis, which is more difficult to predict than the
effects of single mutations, has been explored in sev-
eral PPI systems, with many studies combining DMS
and predictive models (Heyne et al.,, 2021; Hopf
et al, 2017; Judge et al, 2024; Riesselman
et al., 2018), including those incorporating ML (Beck
et al., 2022; Chen et al., 2023; Faure & Lehner, 2024).
To the best of our knowledge, this is the first study to
systematically map affinity and epistasis landscapes in
the BPTI-chymotrypsin complex by using both DMS
and ML models to predict the effects of all single and
double mutants, thereby providing new insights into
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how interactions between residues shape binding
affinity.

Similar to the findings of Adams et al. (2019), who
examined epistasis in an scFv antibody-fluorescein
antigen complex, and those of Judge et al. (2024), who
investigated epistatic interactions within an enzyme
active site, our study revealed a higher rate of positive
epistasis than negative epistasis among mutation pairs,
particularly when hotspot positions were paired. This
finding suggests that mutations at hotspots cooperate
to yield a binding affinity that is higher than what would
be expected from an additive effect. Both positive and
negative epistasis were most frequently observed
between residues in close spatial proximity. For exam-
ple, we observed epistasis between residue 36 and
residue 12 or 16, which are spatially proximal. How-
ever, we also identified epistatic interactions between
hotspot positions that are separated in the structure
(e.g., residues 12 and 16), indicating that epistasis in
our system was not restricted to neighboring sites
alone. This finding is consistent with empirical reports
that the magnitude of epistasis shows only a weak
dependence on inter-residue distance (Adams
et al., 2019); this weak dependence can be explained
by structural-energetic coupling propagated through
indirect pathways, such as packing and hydrogen-bond
networks, backbone strain, or allosteric effects (Kass &
Horovitz, 2002). A plausible mechanism put forward by
Judge et al. (2024) is that epistasis emerges through
interaction networks mediated by the binding partner,
which can bridge spatially distant residues and yield
substantial functional coupling, even between distant
sites. The positive epistasis observed at hotspot posi-
tions of BPTI is consistent with the findings of Heyne
et al. (2021), who showed that hot spot position pairing
results in positive epistasis. Furthermore, the position
pairs that they highlighted as negatively epistatic
(i.e., 18-34 and 34-35 pairs) were likewise predicted
by us, namely, the18-34 pair displayed clear negative
epistasis, whereas the 34-35 pair ranged from additive
to slightly negative. Notably, because our predictions
provided complete coverage across substitutions, our
estimates are less sensitive to missing-variant bias
than analyses based on partially sampled experimental
landscapes and may therefore offer a more accurate
quantification of the magnitude and consistency of neg-
ative epistasis for these pairs.

In the current study, we observed both negative and
positive correlations between affinity and epistasis. In
cases of negative correlation, affinity enhancement of a
double mutant correlated with negative epistasis, and
vice versa. For negative correlations, it seems likely
that the first mutation of the pair dominates the direction
of the outcome, namely, whether the affinity is
enhanced or reduced, while the second mutation mod-
ulates the extent of the response, probably through
allosteric adjustments that buffer the structural or
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energetic impact of the first mutation. We also identified
cases in which affinity and epistasis were positively cor-
related, although this trend was not consistent across
all position pairs, suggesting that the effect of a single
mutation in a pair is not always dominant, similar to the
concept of “sign epistasis” observed by Adams et al.
(2019), where one mutation reversed the effect of
another.

3.5 | Study limitations

While our study provides valuable insights into the rela-
tionship between mutations and binding affinity, several
limitations should be considered. First, the reliance on
a specific experimental affinity assay introduces the
potential for variability and noise in the data, as demon-
strated by the discrepancies between predicted and
literature-based epistasis values. Additionally, the man-
ual generation of gate definitions, based on our subjec-
tive judgment, and their positioning relative to the
affinity range and the spread of the library may also
vary, further influencing the results. Second, the fact
that the data we used did not include all double-
mutation variants and was focused on specific posi-
tions, along with the limited sequencing depth of the
variant library, may have restricted the scope of the pre-
dictions to single- and double-mutation variants and
limited our ability to predict higher-order mutations.
Expanding the training dataset by incorporating higher-
order mutations, as suggested by Meiri et al. (2024),
random mutations across other positions, and deeper
sequencing could improve the comprehensiveness of
the data and potentially enhance model performance.
Third, the limited diversity of our test set used for corre-
lation with literature values (primarily due to the limited
data available in the literature) resulted in an overrepre-
sentation of mutations at position 15, potentially
influencing the assessment of model performance.
Fourth, our framework was developed and evaluated
on a single protease—inhibitor complex. Because muta-
tional effects and epistatic patterns can differ substan-
tially across interfaces, conformational regimes, and
experimental contexts, the extents to which the
observed performance and derived conclusions gener-
alize to other protease—inhibitor systems have not yet
been tested. Systematic benchmarking on additional
protease—inhibitor pairs, ideally spanning diverse inter-
face architectures and affinity ranges, will be required
to assess transferability. Fifth, epistasis was not mod-
eled as a direct output or calibrated directly against
experimental epistasis measurements; instead, it was
derived from model-predicted AAGbind values. An
epistasis-specific calibration (analogous to our AAGpjng
calibration) is currently not feasible, because the avail-
able experimental epistasis measurements are insuffi-
cient. Therefore, we cannot exclude the possibility that
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some predicted epistatic patterns are partially influ-
enced by smoothing/interpolation effects of the inferred
AAGping surface, and broader experimental validation
will be required. Lastly, our models are limited by their
positional generalizability. The one-hot encoding repre-
sents positions independently, restricting explicit
modeling of structural relationships between residues,
and averaging ESM embeddings across positions may
attenuate single-residue perturbations and obscure the
structural origin of mutational effects. These constraints
become particularly evident under strict position-wise
exclusion, where one-hot columns for a given position
are never observed during training. Although prior work
(Gurusinghe et al., 2024) has incorporated structural
ESM-IF1 models based solely on the wild-type struc-
ture, we reasoned that such representations may be
more informative for comparisons across various com-
plexes than for one complex. We therefore focused
exclusively on sequence-derived features. In the future,
incorporation of variant-specific structural representa-
tions or position-aware pooling strategies may further
improve prediction.

3.6 | Conclusions and future
perspectives

In summary, our work provides valuable insights into
the relationship between mutations and binding affinity,
advancing our understanding of PPIs and affinity land-
scapes. By mapping epistasis and the affinity of single
and double mutants for chymotrypsin, we contribute to
the growing body of knowledge on how specific muta-
tions influence PPls. Importantly, we establish a foun-
dation for expanding binding landscape modeling to
higher-order mutations. Generalization beyond the cur-
rent protein system will require systematic validation
across additional protease—inhibitor pairs.

4 | METHODS

41 | Computational analysis of
HTS data

We translated the DNA sequences of the pre-sorted
library and the four sorted library fractions into the
amino-acid sequences that they encode. Thereafter,
we filtered out sequences that lacked the TAGC primer
(the start of the protein-coding region) and also
sequences that were too short (less than 162 bp corre-
sponding to 54 amino acids), contained unrecognized
DNA base pairs, or carried mutations outside the
12 predefined positions (at the protein level); the BPTI
sequence of amino acids 1-54 was used as a refer-
ence (Kuroda & Kim, 2000).

Following amino-acid translation and sequence fil-
tering, we counted the number of occurrences of each
variant in each library fraction. Then, we calculated the
frequency of each variant by dividing the count by
the total number of occurrences of the variant in that
fraction:

#readsmutjin gate A
fmutj,gateA =" (1)
#readsingate A
j=1

where “#readsjin gate;, is the number of reads of a var-
iant j in gate A, and “>_#readsingate A” is the sum of
all filtered reads for alifariants in the same gate.

Next, to compare the frequencies of each variant to
that of the wild type in the same library fraction, we cal-
culated normalized frequency (NF) of each variant in
each library fraction:

f mut j
j, gate A

NFmutjgate 4 = ——=—=—= (2)
wt, gate A

which is the ratio of the frequency of a given variant in
gate A to the frequency of wild-type BPTI in the
same gate.

Then, based on the NFs, we calculated the ERs of
each variant in the BPT! library as follows:

ER Nqutj, gate A 3
mutj,gate A — NF— ( )
mutj, pre—sort

where ER was defined as the ratio between the
mutant’s NF in a specific gate and its frequency in
the pre-sorted library.

4.2 | ML model architecture, input
representation, and hyperparameter
search

We explored multiple input representations and model
architectures for predicting log> ER values for each
affinity gate (HI, WT, SL, and LO). Input representa-
tions included: (i) one-hot encoding of the 12 mutated
interface positions (20 x 12 =240 features),
(i) pretrained ESM2 embeddings extracted from the
full-length protein sequence, and (iii) combinations of
one-hot and ESM-derived features. For ESM-based
representations, we evaluated residue-level embed-
dings of 640 dimensions. We explored several aggre-
gation strategies across the 12 mutated positions,
including averaging (for 480 and 640 parameters), com-
bined average—max—min pooling, and non-aggregated
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FIGURE 8 Architecture of our models to predict log, ER. The input is a one-hot encoded matrix of the 12 mutated binding residues
concatenated to ESM base 640 embedding parameters vector after average embedding over the 12 positions. The model consists of 3-5 fully
connected layers depending on the specific gate, with a ReLU activation function. The output layer is a single neuron with linear activation.

positional embeddings. In combined models, we
concatenated the embedding-derived features with flat-
tened one-hot encoding.

We evaluated multiple ML models, including ridge
regression, support vector regression (linear and poly-
nomial kernels), random forest, convolutional neural
networks, recurrent neural networks, and fully con-
nected neural networks (NN). For neural network-
based models, architectures ranged from 3 to 5 fully
connected layers with ReLU activation and a linear out-
put neuron.

For model hyperparameter tuning, we randomly
sampled multiple hyperparameter configurations from a
predefined search space, where the number of evalu-
ated configurations scaled according to the model’s
complexity and computational cost (Table S3). Hyper-
parameter selection was based on the Pearson correla-
tion between predicted and experimental log, ER
values on the validation set. The dataset was parti-
tioned based on sequencing depth to ensure high-
confidence evaluation. Variants were ranked according
to the total read count (pre-sorted library + specific
gate), and the top 10% were designated as the test set,
with the subsequent 10% being used as the validation
set. The remaining 80% constituted the training set.

This strategy ensured that model evaluation and hyper-
parameter selection were performed on variants with
the most reliable enrichment measurements. To
enhance robustness, each model was trained using a
random-ensemble initialization strategy (10 independent
initializations), and predictions were averaged. We
selected the final model architecture and input repre-
sentation based on average performance over the vali-
dation sets of the gates. The selected input
representation and architecture was a one-hot encod-
ing matrix concatenated to averaged ESM 640 embed-
ding parameters of the 12 positions following a fully
connected NN (Figure 8 and Table S3). Following
architecture, input representation, and hyperparameter
selection, the selected model was re-trained on 90% of
the data (training + validation sets) and evaluated on
the held-out 10% test set.

4.3 | Model evaluation under alternative
data partitioning schemes

After selecting the final model based on the read-
count-based split, we further evaluated its robustness
under alternative partitioning strategies. These included
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position-wise holdout, in which all variants containing a
mutation at a given position were excluded from train-
ing and used exclusively for testing. In addition, we per-
formed random partitioning in which 10% of the dataset
was held out as an independent test set. In these ana-
lyses, the finalized architecture and hyperparameters
were kept fixed, and no further tuning was performed.

44 | Converting HTS-based ER values
to absolute affinities

To obtain an equation for converting ER values from
the four sorted populations into AAG,q values, we
used 27 available experimental AAGy,q measure-
ments of single-mutant variants that we found in the lit-
erature (Castro & Anderson, 1996; Krowarsch
et al., 1999) for the BPTl—chymotrypsin complex. We
used a linear equation with four variables, which are
the log, ER values predicted by our ML models
(Equation (4)). Their coefficients and a free bias term
were learned by minimizing the mean squared error
over the experimental AAGy,,q measurements. We
used the obtained equation to calculate AAGpng values
for all the single and double BPTI mutants, as follows:

AAGbind = -0.397 |092 ERH| —-0.348 |092 ERSL
+0.184 log, ERwt +0.597 log, ER o0 —0.560
(4)

4.5 | Experimental validation of AAGping
predictions

To experimentally validate the AAGy,,g predictions, we
used variants with experimentally measured AAGyping
values as an independent test set on which the models
had not been trained. Each test-set variant contained a
single or double mutation in one or two of the 12 residue
positions mutated in our library (i.e., positions 11-13,
15-18, 34-36, 39). We calculated the correlation
between the AAGy;g values and the log, ER predic-
tions for each gate or the combined AAGyg.

4.6 | Additive-baseline comparison for
double-mutant AAGy;ng prediction

To assess whether direct double-mutant AAGy,;g pre-
dictions improved upon a simple additive approxima-
tion, we compared them with an additive baseline using
the 10 double-mutant variants with experimentally mea-
sured AAGyng values. To ensure an independent eval-
uation, we excluded these double mutants and their
corresponding single-mutant variants from the training
set. For each double mutant, the additive baseline was

calculated as the sum of the predicted AAGy;,q values
of the two corresponding single mutants. The direct
prediction was defined as the predicted AAGyng value
of the double-mutant sequence obtained from the com-
bined affinity-gate model. We compared both the direct
and additive predictions with the experimental AAGyng
values using Pearson correlation. To account for the
limited size of the validation set, we performed an
exhaustive subsampling analysis in which Pearson cor-
relation was calculated for all possible subsets of 8, 9,
and 10 double mutants, sampled without replacement.
We report the mean + SD across all tested subsets.

4.7 | Analysis of affinity and
cooperativity

Affinity predictions were calculated using an ensemble-
based framework in which each ensemble member
was processed independently throughout the entire
prediction pipeline. For each seed, the predicted ERs
from the four selection gates (HI, WT, SL, and LO) were
combined using the fitted linear model equation
(Equation (4)) to generate a seed-specific AAGpng €sti-
mate. These AAGy;ng Values were then normalized rel-
ative to the WT sequence by subtracting the predicted
WT value from the predicted value of each variant,
such that the WT was assigned a value of 0 for each
seed. Epistasis was subsequently calculated sepa-
rately for each ensemble member. Specifically, the
epistasis value, denoted by &ij, was defined as the dif-
ference between the sum of the AAGy;q Values of the
corresponding single mutants and the AAGyng value of
the double mutant, as shown in Equation (5).

elf = AAGpind,i + AAGping,j —AAGbINd, jj ®)

The final reported AAGying and epistasis (eif) values
represent the mean across ensemble members, and
the corresponding standard deviations across seeds
were used as empirical estimates of predictive
uncertainty.

4.8 | Modeling and stability calculations

We modeled the mutations and calculated the relative
stability (AA Gyping) Of every point mutation relative to the
WT with FoldX version 5.1 (Delgado et al., 2019;
Schymkowitz et al., 2005). As a model of the WT, we
used the crystal structure of the complex between
bovine alpha-chymotrypsin and BPTI (PPDB ID 1MTN;
Capasso et al., 1997). A negative AAG value indicated
that the mutant was more stable than the WT, while a
positive AAG value suggested that the mutant was less
stable than the WT. PyMOL Molecular Graphics Sys-
tem, Version 3.1.6.1 (Schrodinger, LLC.) was used for
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visual analysis of selected mutations and for prepara-
tion of the structural figures.
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