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Abstract

Background Deep mutational scanning (DMS) provides comprehensive maps of
protein variant effects but remains experimentally intensive. Machine learning (ML)
approaches have the potential to reduce experimental burden of DMS by predicting
the functional impact of substitutions from limited data.

Results We introduced a ML classifier trained on normalised DMS scores from SARS-
CoV-2 main protease (Mpro) to categorise amino acid substitutions as functional (wild-
type-like) or non-functional. Using brute-force feature selection, we identified minimal
subsets of six substitution scores per residue that enable accurate classification of the
remaining substitutions, achieving minimum (worst accuracy) scores exceeding 90%.
Models including support vector machines, random forests, and logistic regression
were evaluated without retraining (zero-shot prediction) against additional SARS-
CoV-2 Mpro datasets and against unrelated datasets. The zero-shot performance of
the models was strongest for other enzymes and more modest when applied to DMS
systems that assess protein folding and/or protein-protein interactions.

Conclusion The results show that targeted DMS combined with ML can reduce
sequencing and reagent costs while preserving classification accuracy, offering a
practical route to accelerate variant effect prediction.

Keywords Brute-force approach, Deep mutational scanning, Random Forest, Support
vector machine, Zero-shot prediction

Background

Deep mutational scanning (DMS) is a high-throughput experimental approach that sys-
tematically measures the effects of a large number of protein variants, enabling func-
tional mapping of protein sequence space at single-residue resolution [1]. In a typical
DMS experiment, nearly all single amino acid substitutions (and sometimes multiple
concurrent substitutions) are introduced into a protein-coding sequence, producing
a mutant library. The mutant sequences are inserted into a suitable expression system
in place of the wild-type gene, and the mutant library amplified in a suitable host to
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produce a large, diverse pool of constructs [2]. The mutant library is then expressed in
a model system, where the functional consequences of each variant are assessed using
assays tailored to the protein’s function such as enzymatic activity or binding affinity, or
via proxy measures like protein expression or organism growth rate [1]. High-through-
put sequencing is used to determine the frequency of each variant before and after selec-
tion, enabling the calculation of functional or fitness scores for thousands of mutations
in parallel.

DMS has been applied in many biological contexts when investigating functional
effects of protein variants [1]. For example, it has classified missense mutations in
human proteins as either pathogenic or benign, allowing identification of pathogenic
variants [3]. Similarly, DMS has been applied to protein fitness landscapes, showing
quantitatively how sequence changes affect protein function [4], as well as revealing resi-
dues critical for folding, stability, or functional interactions [5, 6].

Machine learning (ML) approaches increasingly use DMS data to predict the func-
tional consequences of protein variants. Sruthi and Prakash investigated strategies for
selecting minimal subsets of DMS data such as by percentage and mutation type, in an
attempt to identify rational methods for subset identification and to reduce experimen-
tal cost [7]. The sequence, structural, and coevolutionary features of the minimal sub-
sets were used to train regression neural network models, predicting untested mutation
fitness scores to reconstruct the full DMS landscape of the protein. In a related study,
Sruthi, Balaram and Prakash established simple conservation-based thresholds for six
physicochemical and evolutionary features to classify mutations as neutral or deleteri-
ous [8]. This was performed to identify informative features for classification, and to
produce simple, interpretable rules for predicting mutation effects.

The DeMaSk framework was created by Munro et al., which constructed a new amino
acid substitution matrix, encoding substitution effects across a range of proteins based
on DMS data [9]. The corresponding substitution matrix values, along with conserva-
tion values and variant amino acid frequencies across homologs were provided as inputs
to a linear model, predicting delta fitness scores per substitution for unseen proteins.
Fu et al. incorporated low-throughput mutagenesis data, such as alanine scanning (AS),
alongside other protein features, and found this improved variant prediction in certain
datasets [10]. Linear regression models were trained with leave-one-protein-out cross-
validation, where the Spearman Rank correlation performance metric was calculated as
the correlation between the substitution score predictions and the actual DMS scores.

Multiple neural network model types were compared by Gelman et al. on their ability
to learn sequence-function relationships from combinations of encoded physicochemi-
cal and structural representations, predicting functional DMS scores for unseen vari-
ants [11]. Sarfati et al. evaluated six different ML model types on their ability to predict
DMS experimental functional outcome values, such as fluorescence or stability prop-
erties [12]. A subset of 40 sequence and structural features were provided based on
their importance determined from the LASSO (Least Absolute Shrinkage and Selection
Operator) model. The correlation between predicted and actual values was assessed, and
better-than-random predictions were identified.

DMS datasets have been used to benchmark variant effect predictors and assess their
clinical relevance [13—15], evaluating multiple predictors across DMS datasets in diverse
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organisms. Also, DMS data has revealed that stability predictors can partially explain
functional impacts of mutations [16].

DMS datasets have also been widely utilised in structural and viral contexts. Drake
et al. used single-mutant DMS data as inputs to improve protein structure prediction
via deep learning [17]. More recently, convolutional neural networks incorporating local
environment, sequence and physicochemical features have been trained and tested on
SARS-CoV-2 Spike receptor-binding domain (RBD) DMS data to predict ACE2 bind-
ing affinity changes [18]. Transfer learning was applied to forecast the effects of multiple
mutations upon ACE2 binding for major SARS-CoV-2 variants of concern.

Most frameworks applied to DMS data typically predict variant effects using various
supervised ML models. DMS scores measured by function- and protein-specific assays
are provided as targets and predicted by combinations of a large variety of features, often
with structural, evolutionary and physicochemical properties. Only Munro et al. incor-
porated DMS scores from independent datasets as an indirect feature through their
DMS substitution matrix [9], while Fu et al. included encoded alanine scanning measure-
ments from high-compatibility assays of the tested protein [10]. However, these scores
are determined from experimental data from different proteins or assays. Our approach
differs from existing DMS-based prediction methods by choosing minimal subsets of
experimentally measured substitutions per residue within the same DMS experiment
that can accurately predict the remaining substitutions for that residue within a protein.

This choice results in each data sample corresponding to a residue, rather than an indi-
vidual substitution. This reduces the dataset size substantially, making simpler super-
vised ML models, namely Random Forest and Support Vector Machines, more suitable
than more complex models such as neural networks employed in other research [7, 11—
12, 18].

This technique requires the identification of minimal subsets of DMS data that will
need to be determined experimentally. To our knowledge, no existing method has been
published that has addressed this subset-selection problem in this context. Therefore, a
novel, brute-force approach was developed to identify minimal subsets.

Using this approach, we determined that 6-DMS substitution scores per residue are
sufficient to predict the remaining substitution scores with approximately 90% accuracy
(based on the F1 score), while classifying mutations as either wild-type or loss-of-func-
tion. This implies that only seven substitutions per residue need to be measured using
the experimental assay (six mutations plus the stop codon), instead of all nineteen sub-
stitutions plus stop. This reduces the total number of variants to be generated and exper-
imentally assessed, thus reducing the overall resource burden by simplifying library
generation and reducing required sequencing depth. Furthermore, our approach allows
for zero-shot prediction, without retraining, across independent DMS datasets that use
comparable experimental techniques, where varying performance was achieved.

Methods

Classification ML models were trained to predict either wild-type function or loss-of-
function for a given amino acid substitution, using a smaller set of DMS substitution
scores as features. Brute-force analysis was applied to identify the optimal combinations
of DMS substitution scores to predict the remaining scores for each residue. Subse-
quently, we evaluated the DMS substitution score feature combinations using zero-shot
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prediction when applied to a variety of DMS datasets. A summary of the full workflow is
shown in Fig. 1.

Part 1: Brute-Force combination selection

Dataset preparation

The chosen dataset for initial combination selection was produced by Flynn et al. [19],
containing SARS-CoV-2 main protease (Mpro) normalised DMS scores per substitution
from the first replicate of the FRET assay. This dataset will be referred to as the Mpro
FRET replicate 1 dataset. A total of 16 residues with missing substitution values were
removed, as all twenty substitution values are required. In addition, the last two Mpro
residues (305 and 306) were excluded as they were absent from molecular dynamics sim-
ulation data used previously [20, 21], from which some initial features were derived. This
resulted in a dataset of 288 records, each with twenty substitution values.
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Fig. 1 Methodological workflow for DMS selection and zero-shot mutation effect prediction. A Feature selection
and model training using the Mpro FRET replicate 1 dataset. Normalised DMS substitution scores were used as
input, with all twenty substitution DMS values for each residue. Two separate feature-selection strategies were
applied. In the Support Vector Machine Recursive Feature Elimination (SVM-RFE) approach, for each substitution,
the remaining substitutions were used as candidate features to predict wild-type or loss-of-function behaviour.
The dataset was split into 500 stratified folds (70-30%), and RFE using a linear SVM was applied separately for each
target substitution to rank the nineteen candidate features. Feature rankings were averaged across folds, and the
top three substitutions per target were selected. A brute-force approach evaluated all possible 2-, 3-, 4-, 5-, and
6-DMS substitution combinations to use as input features, predicting wild-type or loss-of-function behaviour for
each of the remaining substitutions. For both approaches, Random Forest and SVM classifiers, with and without
hyperparameter tuning, were trained independently for each feature set, target substitution, and dataset split. The
resultant average accuracies for the SVM-RFE method and highest minimum scores for the brute-force approach
were identified. B Zero-shot evaluation on independent DMS datasets. Seven models trained on the Mpro FRET
replicate 1 dataset using the top brute-force 6-DMS combinations were applied to multiple independent experi-
mental DMS datasets without retraining. Model performance was shown using average macro F1 scores across
predicted substitutions
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Initial feature selection

From twenty potential substitutions, the aim was to select a small subset as features that
could accurately predict the residue behaviour for the remaining substitutions as wild-
type or loss-of-function, defined as mutations retaining > 50% or < 50% of wild-type
activity, respectively. Within the dataset, each substitution was treated as the target, with
the remaining nineteen DMS substitutions used as features. The dataset was split into
500 stratified folds (using fixed seeds 0-499), where 70% of the data is used for rank-
ing, and the remaining 30% is not used in that fold. Recursive Feature Elimination (RFE)
using a Support Vector Machine (SVM) with a linear kernel and default parameters,
implemented using the scikit-learn Python package [22], was applied to each train-test
split to rank the nineteen features from most to least important. For each target substi-
tution, the top DMS features (optimally three) with the highest ranking when averaged
over all runs were selected. To assess whether the 500 stratified folds captured sufficient
variability in feature ranking, RFE was rerun using completely random stratified folds,
and the majority of top-ranked feature combinations remained identical, shown in Sup-
plementary Table 1.

These top three substitutions were provided as features to Random Forest (RF) and
SVM binary classifiers to predict the corresponding target substitution. RF was chosen
for its built-in feature selection and robustness as an ensemble model, while SVM was
selected for its ability to handle high-dimensional, non-linear spaces. A fixed model seed
of 42 was chosen to ensure reproducibility during training of these RF and SVM models.

Model preparation

Each model was trained initially with default parameters and then with hyperparameter
tuning. Manual tuning was applied to reduce overfitting, as high variability was observed
between dataset splits when using GridSearchCV or k-fold cross-validation for the RF
model. The most stable results were obtained for the SVM model when the parameters
C, degree, and coef0 were manually tuned. Then, GridSearchCV was used to select the
kernel and gamma hyperparameters for each substitution prediction. The final hyperpa-
rameter values are shown in Supplementary Tables 2 and 3.

Feature selection using brute-force approach
No clear subset of DMS substitution scores was identified through RFE that could
accurately predict all other scores. Therefore, a (computationally intensive) brute-force
approach was applied, where each combination of 2-, 3-, 4-, 5- and 6-DMS substitution
scores was used as features to predict the remaining substitutions. The same two model
types with and without hyperparameter tuning were used, where all previously selected
hyperparameters were kept constant during this analysis.

The number of substitutions used as features was denoted as #n. Each model was used
to predict one target substitution for all residues. Therefore, the same model was run
(20-n) times to predict each of the targets for a combination. The total number of combi-

nations is given by:

20!

20 _
On” = n! (20 — n)!
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where the total number of amino acids is 20 and the number used as features is 7. The
model was then run for each unique combination of features, over the two model types
with and without hyperparameter tuning, with five pseudorandom dataset splits gener-
ated by a fixed seed list. Dataset partitioning was controlled by using predefined seeds,
and three independent seed lists were used to assess robustness to dataset partitioning
(Seed list 1: 493, 121, 334, 158, 397; Seed list 2: 189, 480, 45, 173, 362; Seed list 3: 49, 402,
377, 350, 113).

For 2-DMS combinations, this equates to (190 combinations x 18 targets x 5 splits x
3 seed lists x 4 models) models trained and tested, and (38760 combinations x 14 tar-
gets x 5 splits x 3 seed lists x 4 models) models for the 6-DMS combinations. Train-
ing and testing of the 2-, 3- and 4-DMS combinations were performed on a single-core
CPU, while the 5- and 6-DMS combination runs were parallelised across 8 processes
using Python’s ProcessPoolExecutor. The actual per-combination wall-clock times were
recorded during execution.

Model training and evaluation

Due to the small dataset size, a 70-30% train-test split was employed, forgoing the vali-
dation set. With only 288 residues in the dataset and the combinatorial nature of the
feature search space, nested cross-validation was not employed for brute-force feature
selection. The exhaustive evaluation of feature combinations already required repeated
training and testing across multiple predefined train-test splits and seed lists, resulting
in many model evaluations per combination. Introducing nested cross-validation would
have substantially increased computational cost and further reduced the data points
across inner and outer folds, increasing variability in feature selection.

The MinMaxScaler from scikit-learn was applied to normalise the input features
between zero and one. For each target substitution, a cutoff of 0.5 was chosen, where any
values equal or higher were classified as wild-type class (1), with the remainder as loss-
of-function effect (0). The DMS scores were strongly bimodal, featuring a valley between
modes (see Supplementary Fig. 1A), with the cutoff 0.5 lying approximately at the cen-
ter of the valley. Stratified sampling was applied during the dataset splitting due to class
imbalance, where some target DMS substitutions consisted of a higher proportion of
residues with wild-type behaviour.

To mitigate the inherent variation in performance between the train-test splits for this
small dataset, each model was trained on five different pseudorandom splits, each pro-
ducing an accuracy value for a given target substitution. Accuracy was calculated as:

TP+TN

A =
WY = TP Y TN ¥ FP + FN

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and
false negatives, respectively. The mean and sample standard deviation accuracy value for
each model was obtained from these accuracy values. This was repeated two more times
to determine if overall model performance remained relatively stable between dataset
splits.
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Choice of brute-force top DMS substitution combinations

The minimum score per tested feature combination, corresponding to the lowest mean
test accuracy value for a target using that combination, was identified for each model.
The five DMS substitution feature combinations with the highest minimum scores
across the first five pseudorandom dataset splits were selected for each of the two model
types, with and without hyperparameter tuning. This was performed to ensure that the
most difficult remaining substitution targets were still reliably predicted. In addition, the
five substitution combinations per model with the lowest minimum scores were identi-
fied, to demonstrate the least possible accuracy achieved by the model with the provided
features.

Part 2: zero-shot prediction for other DMS score datasets

Dataset preparation

Additional independent experimental DMS score datasets from multiple proteins were
chosen for testing DMS substitution score combinations. Each dataset was required to
meet three criteria to ensure suitability for zero-shot prediction. First, the dataset had to
contain DMS scores for each of the twenty possible amino acid substitutions per residue.
Second, the DMS substitution scores needed to be normalised, where the average wild-
type score is approximately 1, and preferably the average nonsense or stop-codon score
is equal to 0. Third, the DMS substitution scores had to be amenable to classification as
either wild-type or loss-of-function.

The datasets selected for downstream analysis included the SARS-CoV-2 Mpro func-
tional scores (FRET, TF and Growth assays) [19], SARS-CoV-2 papain-like protease
(PLpro) fitness activity scores [23], SARS-CoV-2 Spike RBD expression scores in yeast
[24], Escherichia coli TEM-1 B-lactamase ampicillin resistance scores [25] and human
BRCA1 RING domain E3 ligase activity scores [26]. All datasets consisted of normalised
scores with the average wild-type score approximately 1, except for SARS-CoV-2 Spike
RDB which was subsequently processed by normalising the average stop-codon scores
and wild-type scores. All residues within these datasets with at least one missing substi-
tution score were removed, as performed for the Mpro FRET replicate 1 dataset.

Model application

Each of the models used in Part 1, along with an additional three models (described
below), was trained on each of the identified top 6-DMS combinations for all residues
in the Mpro FRET replicate 1 dataset. The first additional model, a Logistic Regression
model from scikit-learn with default parameters, was included to assess whether compa-
rable performance could be achieved by a simpler, linearly separable model. The second
additional model was an averaging-based classifier that predicted the target class based
on the mean values of the feature values classified using the 0.5 cutoff. This model was
included to evaluate whether the relationships between the selected features and target
can be determined accurately without a complex ML model. Lastly, a DummyClassifier
from scikit-learn with the most frequent strategy was chosen as a control to ensure that
the performance metrics for the models were not biased by datasets with imbalanced
classes. As the DMS substitution scores were already normalised, scaling using Min-
MaxScaler was removed. These models were evaluated on the remaining experimental
DMS score datasets using zero-shot prediction.
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An experimental baseline was calculated using classifications from FRET replicate 1 as
predictions for the remaining Mpro datasets. For each of the top 6-DMS combinations,
the remaining 14 substitution outcomes for a given residue in the other Mpro datasets
was assigned directly as the value of the corresponding residue from Mpro FRET repli-
cate 1.

Model performance evaluation
Model performance for each feature combination was characterised by the averaged
macro F1 scores for the 14 predicted targets. Macro F1 score was calculated as:

1 N Precision; - Recall;
maere TN Z i=1"  Precision; + Recall;

where N is the number of classes (2 in this case, wild-type and loss-of-function),
Precision; = % is the fraction of predicted positives that are true positives and

Recall; = % is the fraction of true positives that are correctly identified. The

average macro F1 score accounts equally for the two target classes, which reduces the
likelihood of models appearing to have high performance when only predicting the
majority class. In addition, it is a harmonic mean of precision and recall, meaning it
equally penalises false negatives and positives, both of which are important in this con-
text. The sample standard deviation over all predicted substitutions per combination
was also calculated to quantify the variability in macro F1 scores across targets.

Part 3: software and implementation details

All analyses were performed in Python 3.10.13, with any notebooks run using the Jupy-
terLab 4.3.2 environment. This workflow relied on several scientific Python libraries,
including NumPy 1.26.4, Pandas 2.2.3, SciPy 1.14.1 and scikit-learn 1.6.1 for ML model
implementation and evaluation. Matplotlib 3.9.3 and Seaborn 0.13.2 were used for data
visualisation, while Openpyxl 3.1.5 and xIrd 2.0.2 supported the reading of spreadsheets
holding input DMS dataset values. All software dependencies are additionally provided
in a supplementary YAML environment file for reproducibility.

The brute-force computations were performed on a high-performance computing
cluster using a node equipped with an AMD EPYC 7543P 32-core processor. Individual
jobs were executed on a single CPU core, with parallelisation implemented across 8 pro-
cesses. Memory resources were not explicitly requested per job, so a minimum of 32 GB
RAM of the 156 GB available was allocated on the node. All remaining computations
were performed on a personal Linux-based laptop equipped with an Intel Core Ultra 7
155 H processor and 32 GB RAM. These analyses were executed on a single CPU core
without parallelisation.

Results

Effect of number of substitutions on predictive performance

Predictive performance increased with the number of substitutions provided as input (2,
3, 4, 5 and 6) to the brute-force search, with the highest mean of the average minimum
accuracies across the top combinations when using 6 substitutions (Fig. 2). As expected,
the runtime of the models increased with the number of features as shown in Supple-
mentary Table 4. When parallelising over eight cores, the 6-DMS combination runtime
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Fig. 2 Predictive performance of four machine learning models. Performance is represented by the mean of the
average minimum accuracies for the top five DMS score input combinations per model. These models are Random
Forest with hyperparameter tuning (RF Hyper), Random Forest with default hyperparameters (RF Orig), Support
Vector Machine with hyperparameter tuning (SVM Hyper), and Support Vector Machine with default hyperparam-
eters (SVYM Orig)

was 41.6 days. Additional reasons for limiting the search to 6 substitutions are presented

in the Discussion section.

Top substitution combination identification

The top five 6-DMS substitution combinations from the brute-force approach are sum-
marised in Table 1, while the top five 2-, 3-, 4- and 5-DMS combinations for each model
type are shown in Supplementary Tables 5-8. The scores corresponding to substitutions
to glycine and proline were consistently selected as features in the brute-force 5- and
6-DMS combinations for predicting the remaining substitutions. However, only the pro-
line DMS substitution scores were frequently in the top five 2-, 3-, and 4-DMS combina-
tions per model (Supplementary Tables 5-8). From three features onwards, proline is
always present in the selected feature sets.

The pattern of proline and glycine substitutions always being chosen in the 6-DMS
combinations warranted further investigation. Therefore, for each target substitution,
the prediction accuracy obtained using the top three RFE-selected features was com-
pared to the frequency with which that target appeared in the brute-force combinations
for the default SVM model (Supplementary Table 9). As expected, glycine and proline
were the worst-predicted targets and were always included in the 6-DMS combinations.
However, for all other substitutions, there was no clear correlation between target pre-
diction accuracy and the frequency of that target appearing in the brute-force combina-
tions. Finally, the total frequencies of the default SVM brute-force combinations for the
three features identified by RFE were compared against the target accuracies shown in
Supplementary Table 9. However, there did not appear to be any patterns in this data.

The remaining substitutions included in the top 6-DMS combinations represent resi-
dues with different physicochemical properties, such as polar residues with side chain
amide, indole or hydroxyl groups (asparagine, histidine, glutamine, threonine, tyrosine),
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Table 1 Highest minimum scores for combinations of 6-DMS substitution scores across ML models

Model Substitution combination Highest minimum score Average minimum score
RF_hyper EFGHPT 90.57+3.49 89.12+4.00
G N,PS VY 90.34+3.00 89.43£3.01
E,GNPVY 90.11+£2.65 90.19+2.60
EFGHPBV 90.11+3.87 89.81+4.17
E,GMPTY 90.11+3.11 89.66+£3.28
RF_orig CDFEGPQ 90.57+£2.97 89.58+£2.96
CDGPQY 90.34+238 8943+2.26
CEFGH,P 90.11+£3.69 89.73+4.22
CDFEGPRS 90.11+3.00 89.58+2.32
GEGN,PY 90.11+£3.87 89.27+£252
SVM_hyper G N,PQVY 90.80+2.69 89.73+2.99
EFGPQV 90.80£3.81 8943+3.82
CD,GN,PY 90.80+2.57 89.35+£3.02
EFGNPV 90.34+3.31 89.50+£2.52
CGHPTY 90.34+1.92 89.27+2.77
SVM_orig CDFEGPRQ 90.34+1.54 89.81+2.25
GHPTVY 90.34+£3.95 88.97+430
CFEGH,IP 90.34+2.09 88.97+2.60
CEGLPQ 90.34+1.74 88.43+£3.24
CFGPRQV 90.34+252 8820+337

The minimum score refers to the lowest mean test set accuracy for a target using that combination

The table shows the highest minimum scores obtained from combinations of six DMS substitution scores for four
machine learning models. These models are hyperparameter-tuned RF (RF_hyper), RF with default parameters (RF_
orig), hyperparameter-tuned SVM (SVM_hyper) and SVM with default parameters (SVM_orig), respectively. The highest
minimum scores are calculated from the first set of 5 pseudorandom seeds. The highest average minimum score over three
lists of 5 pseudorandom train-test split seeds per model is highlighted in bold

charged residues (aspartic acid, glutamic acid), and hydrophobic residues (isoleucine,
leucine, methionine, phenylalanine, valine).

Bottom substitution combination identification

The bottom five 6-DMS substitution combinations per model with the lowest minimum
scores (least accurate) were identified and are summarised in Table 2. Supplementary
Tables 10—13 contain the bottom five combinations per model with the lowest minimum
scores for the 2-, 3-, 4- and 5-DMS feature sets. The average lowest minimum scores
(worst accuracies) ranged between 69% and 71% for all combinations across the SVM
models and RF model with hyper parameter tuning, and decreased to between 65% and
67% for the default RF model (Table 2). Therefore, even when using the worst combina-
tions of features, the behaviour of the target is still correctly predicted for around 70% of
residues.

The 6-DMS combinations with the lowest minimum scores (least accurate) primar-
ily consisted of the substitutions to alanine, cysteine, phenylalanine, isoleucine, leucine,
methionine, threonine and valine, as seen in Table 2. Only one 6-DMS combination
identified by the hyperparameter-tuned RF model contained a tyrosine substitution.
Additionally, many of the same combinations were identified by multiple model types,
and the same eight substitutions always appear in the combinations for the 2-, 3-, 4- and
5-DMS feature sets.

With the exception of threonine with a side chain hydroxyl group, and cysteine with
a weakly-polar thiol side chain, the substitutions present in the combinations with the
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Table 2 Lowest minimum scores for combinations of 6-DMS substitution scores across ML models

Model Substitution combination Lowest minimum score Average minimum score
RF_hyper ACFILLV 69.43+3.11 71.11+3.58
AGCLLVY 70.57+2.88 71.87+3.78
ACFILMV 70.80+£2.38 7226£322
ALLMTV 70.80+£2.52 72.18+3.23
CLLMTV 70.80+1.74 71.64+3.27
RF_orig ACLLTV 65.52+293 65.44+3.15
ClLLMTV 65.75+2.97 65.98+3.95
ACFELMT 66.90£2.49 67.13£3.83
ACLLMT 67.59+1.50 68.20+3.70
CFELMTV 67.82+4.74 68.43+£4.68
SVM_hyper ACFLTV 69.43+2.38 69.27 +3.15
ACFEILTV 70.11£293 70.80+3.00
AFLMTYV 70.34+£0.96 70.57+3.00
ACFILLV 71.03+£262 7157+3.08
ACFELLT 71.03+£2.21 7126+2.88
SVM_orig ACFILTV 71.26+£1.41 7134£296
ACFELMT 71.26+0.82 70.80+3.24
AGCLLTV 7149+221 71.72+3.22
CFELLTV 71.49+£0.96 71.49+3.01
FILLMTV 71.72+1.03 71.80+£2.98

The minimum score refers to the lowest mean test set accuracy for a target using that combination

The table shows the lowest minimum scores obtained from combinations of six DMS substitution scores for four
machine learning models. These models are hyperparameter-tuned RF (RF_hyper), RF with default parameters (RF_orig),
hyperparameter-tuned SVM (SVYM_hyper) and SVM with default parameters (SVM_orig), respectively. The lowest minimum
scores are calculated from the first set of 5 pseudorandom train-test split seeds. The lowest average minimum score over
three lists of 5 pseudorandom train-test split seeds per model is highlighted in bold

lowest minimum scores are all hydrophobic residues. Cysteine is unusual in that it is
found in both the best and worst feature sets.

The highest minimum accuracy scores predicted by each 6-DMS combination were
all above 90% for one set of five dataset splits, and above 88% when averaged across the
three repetitions using different splits.

Generalisability of selected DMS substitution combinations across additional datasets

To assess the generalisability of the combinations identified during brute-force analysis,
each selected combination was tested by training a selection of models on the full Mpro
FRET replicate 1 dataset and evaluating them on the remaining experimental DMS score
datasets using zero-shot prediction. Tables 3 and 4 show example average macro F1
scores for each dataset, obtained by testing SVM combinations with the default SVM
model and RF combinations with the hyperparameter-tuned RF models, respectively. All
average macro F1 scores for the twenty combinations over all models for all datasets are
provided in Supplementary Tables 14—25. Figure 3 summarises these results, showing
average F1 scores across the twenty combinations with error bars indicating the mini-
mum and maximum values, with bars and subplots representing models and datasets
(Fig. 3A) or datasets and models (Fig. 3B).

The average macro F1 scores for all datasets of the control model, the dummy clas-
sifier, were below 50% (Fig. 3B), indicating that the chosen metric of average macro F1
score appropriately reflects model performance. The overall macro F1 scores (Table 3)
are approximately 1-2% higher for the FRET replicate 1 training set when using the
default SVM model compared to those produced by the combinations in Table 4 with
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Fig. 3 Average macro F1 scores for top DMS input combinations across (A) datasets and (B) models. Bar graphs
showing results across the twenty top DMS input combinations, with grouped bars representing (A) models and
(B) datasets. Bars show the mean of the average macro F1 scores for each (A) model and (B) dataset, with error bars
representing the range of scores (minimum to maximum values across the twenty combinations)

the hyperparameter-tuned RF model. The dataset with the average macro F1 scores clos-
est to those of the training set for all SVM and RF models was the Mpro FRET replicate
2 dataset (Fig. 3A), with the highest score using the 6-DMS combinations approximately
92%. This is much lower than the macro F1 scores of around 98% achieved by the experi-
mental baseline when using the corresponding substitution values from the Mpro FRET
replicate 1 dataset, as seen in Supplementary Tables 26 and 27.

The average macro F1 scores for the other assays used to characterise the function-
ality of the SARS-CoV-2 Mpro protein are the next highest of all test sets, ranging
from approximately 90-91% for the growth assay and around 88-89% for the TF assay
(Fig. 3A). Interestingly, the experimental baseline macro F1 scores were similar to the
ML model predictions for the TF datasets, with scores of approximately 88—89%, but
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slightly higher for the growth datasets, from 92 to 95% (Supplementary Tables 26 and
27). This difference in macro F1 scores between the experimental baseline and ML mod-
els is smaller than between the FRET replicates.

The average macro F1 scores for the PLpro activity fitness score dataset were only
slightly lower than those for the Mpro datasets, ranging from around 85-87% for all
combinations when tested with the SVM models and 79-84% for RF models (Fig. 3A).
The TEM-1 B-lactamase dataset was the only bacterial protein dataset used for testing. It
had comparably high average macro F1 scores, around 82—-85% for the SVM models and
77-82% for the RF models (Fig. 3A).

The average macro F1 scores for the tested Spike RBD replicate datasets were lower
than those of any other SARS-CoV-2 proteins, achieving scores around 70-81% for
the SVM models and 56-67% for the RF models (Fig. 3A). The dataset with the worst
average macro F1 scores was the human BRCA1 RING domain dataset, with ranges of
63-70% for the SVM models and 57-63% for the RF models (Fig. 3A).

In contrast to the Mpro, PLpro, and p-lactamase datasets, where model performance
was comparable across algorithms, the SVM models consistently outperformed both
the RF and logistic regression models for all feature combinations in the human BRCA1
RING domain and SARS-CoV-2 Spike RBD datasets (Fig. 3B).

The average macro F1 scores for the Mpro and PLpro datasets when using the Logis-
tic Regression model are very similar to those for the SVM and RF models, at around
87-91% for all combinations (Fig. 3A). Additionally, this model achieved the highest
average macro F1 score for the TEM-1 p-lactamase dataset, at 88.28%, which is slightly
higher than the scores obtained by the SVM model (Fig. 3A). However, the performance
of this model on the Spike RBD datasets fell between the RF and SVM models.

In Supplementary Figs. 1 and 2, the distributions of the top 20 DMS score combina-
tions were plotted, comprising 19 independent combinations, as the combination of C,
D, F, G, P and Q DMS scores was identified in the top 5 for both RF and SVM mod-
els without hyperparameter tuning. For all Mpro, PLpro and B-lactamase datasets, the
20 DMS score distributions were bimodal, with separation between modes occurring at
the 0.5 threshold (Supplementary Figs. 1 and 2A, B). However, the distribution of DMS
scores for the BRCA1 dataset was most consistent with a unimodal distribution (Supple-
mentary Fig. 2C). For the Spike datasets, a bimodal distribution was observed, but the
cutoff separating these two modes appeared to be closer to 0.65 (Supplementary Fig. 2D,
E). The distributions of all 20 DMS scores for each dataset were compared to distribu-
tions of the 6-DMS score combinations per dataset, and were found to have almost
identical distributions (Supplementary Figs. 3 and 4). All distributions of the 20 chosen
6-DMS combinations are almost indistinguishable from each other within each dataset.

Discussion

Our study demonstrates that predictive performance for DMS substitution effects
improves with the number of input substitutions, with six features providing mean
minimum accuracies of just under 90%. As the search space scales combinatorially with
the number of input substitutions, extending beyond six features would lead to rapidly
increasing computational cost, while also increasing the number of required experi-
mental substitutions measured in the laboratory. This is contrary to the main objective,
which is maintaining a minimal set of substitutions to be measured experimentally while
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retaining sufficient performance for predicting the remaining substitutions. Therefore,
in this study, the feature-selection framework was restricted to 6-DMS combinations.
There is a trade-off between mean minimum accuracy, number of DMS substitutions
and cost (both computational and laboratory). Figure 2 indicates that if 80% mean mini-
mum accuracy is acceptable, then only 2 substitutions would be needed, whereas achiev-
ing over 90% mean minimum accuracy would require 7 or more substitutions.

Although the 6-DMS feature combination search required substantial computational
time, this procedure was performed only once on the Mpro FRET replicate 1 dataset
as a feature combination selection step, confining the computational cost to this stage.
All identified combinations were then reused for subsequent zero-shot prediction analy-
ses on independent datasets. The search would only need to be repeated if a different
DMS training dataset was used, or if a different prediction task such as regression was
considered, requiring new feature combinations. The SVM-RFE heuristic method was
explored, but only resulted in an ordered feature ranking, and could not identify feasible
feature combinations. Other heuristic or combinatorial search strategies may be able to
identify suitable subsets more efficiently than the brute-force approach, which may rep-
resent a possible direction for future work.

Analysis of the top substitution combinations revealed that proline and glycine were
consistently selected in 6-DMS feature sets. This suggests these substitutions are diffi-
cult to predict, likely reflecting their distinctive structural properties. The cyclic pyrro-
lidine side chain of proline limits both its backbone conformational freedom and that of
the preceding residue. Additionally, its secondary amide backbone nitrogen restricts the
ability of proline to form hydrogen bonds and proline residues are associated with dis-
ruption regular a-helical or B-sheet secondary structure. In contrast, glycine is uniquely
flexible due to the absence of a f-carbon, allowing it to adopt backbone conformations
inaccessible to other amino acid residues.

The remaining substitutions in the top-performing combinations typically included
representatives from different physicochemical classes. Incorporating at least one amino
acid from each class likely ensures that the selected features capture the diverse aspects
of amino acid behaviour, which may contribute to robust prediction performance.

Proline was always present in the top combination feature subsets from 3-DMS inputs
onwards, whereas the glycine substitution was absent from some of the top combina-
tions for 2-, 3- and 4-DMS feature subsets. This is likely a reflection of a tradeoff occur-
ring during feature selection. When fewer substitutions are selected as features, the
model cannot only include the worst-predicted substitutions but must select features
that are good predictors for the majority of the remaining target substitutions.

No patterns were found in the comparison between the RFE and brute-force top sub-
stitution combinations, suggesting that the RFE approach could not identify feature
combinations found by the brute-force approach. This suggests that brute-force combi-
nation testing is necessary to identify optimal feature sets in this context.

In contrast to the top five 6-DMS substitution combinations, all 6-DMS combina-
tions with the lowest minimum scores (least accurate) show high consistency and are
restricted to residues from a subset of eight. One reason may be that the target corre-
sponding to these worst accuracies is most likely to be the proline DMS substitution,
which is the worst predicted by these eight substitutions.
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With the exception of cysteine and threonine, only hydrophobic residue substitutions
are present in combinations with the lowest minimum scores. This suggests that hydro-
phobic residues are poor predictors of polar or charged residues, and these substitutions
carry redundant information. Interestingly, cysteine is often found in both the best and
worst feature sets, suggesting that the predictive value of this residue is dependent on
the context of the other residues in the combination.

This consistent performance of the top substitution combinations (88%) over different
splits and multiple repetitions indicate that these results are reliable, as multiple sub-
stitution combinations can provide comparable predictive performance. This highlights
brute-force combination testing as a suitable strategy for reducing the number of experi-
mental substitutions required for DMS profiling. However, this approach is only likely to
be reliable if the DMS profiling uses experimental techniques comparable to those used
to produce DMS scores on which the models were trained. This includes using similar
normalisation and consistent categorisation of the measured experimental effect of the
amino acid substitutions.

After training the models with the top combinations and Mpro FRET replicate 1 data-
set, and generalising to the remaining datasets, the best average macro F1 score was
achieved when predicting substitutions from the Mpro FRET replicate 2 dataset for all
models. This is expected, as this dataset was the closest to the training set, simply being
another replicate of the experiment used to create the training set. However, this predic-
tive performance was not as good as when using the experimental scores for the cor-
responding substitution from the Mpro FRET replicate 1 dataset. This suggests that the
limited information provided by 6 input substitution scores constrains the maximum
average macro F1 score that can be achieved.

The next best predicted datasets were found to be the Mpro TF and Growth repli-
cate 1 and 2 datasets. This result is not unexpected, as these datasets describe the same
SARS-CoV-2 Mpro protein, with DMS scores representing the changes in protease
activity resulting from a single mutation. The experimental baseline average macro F1
scores were similar to the scores for these models. It is not surprising that using substi-
tution scores from a different experiment on the same protein can achieve comparable
or better predictive performance than using ML models. However, the ML model has
the advantage that it reduces the number of experimental substitutions required and is
generalisable to other proteins.

The PLpro activity fitness score dataset was the next best predicted after the Mpro
datasets, potentially because the proteins have similar function (both proteases) and
belong to the same virus. Similar average macro F1 scores were predicted for the TEM-1
B-lactamase dataset, which may be because the Mpro, PLpro and B-lactamase proteins
are all enzymes, specifically hydrolases, suggesting that the selected combinations are
robust across proteins with similar functional classes.

The dataset that was the worst predicted by all models was the human BRCA1 RING
domain dataset. This is most likely caused by the different functional properties being
probed by the BRCA1 DMS experiment. Whereas the Mpro and PLpro DMS experi-
ments compared wild-type and mutant enzymes, where it might be anticipated that the
wild-type enzyme has evolved optimal activity for a given substrate, the BRCA1 DMS
experiment measured the propensity of a chimeric protein comprising BARD1 residues
26—126 plus the BRCA1 RING domain to become autoubiquitinated in the presence of
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ubiquitin E1/E2 ligase enzymes and epitope (FLAG)-tagged ubiquitin [26]. However, the
BRCA1 RING domain also mediates ubiquitination of many cellular targets via several
different E2 ligases [27] and thus it differs from the enzymes, as the DMS assay measures
only one of its multiple functions. Additionally, the resultant DMS scores represent both
the stability of the BARD1:BRCAL interaction, which is essential for its E3 ligase activity
[28], plus the affinity of BRCAL for its cognate E2 ligase UbcH5c/UBE2D3. Therefore,
these activity scores are derived from changes in protein-protein interactions, which the
models have not been trained to recognise.

Both the BRCA1 RING domain and Spike datasets with the lowest average macro F1
scores had DMS score distributions that were least similar to the Mpro FRET 1 data-
set. These distribution differences may have contributed to reduced model performance
on these datasets. It is not clear whether the decrease in performance for these datas-
ets was driven primarily by the distributional differences or functional differences when
compared to the Mpro FRET 1 dataset. Further investigation is necessary to disentangle
these effects on predictive performance.

From the observation that distributions of all 20 DMS scores are almost identical to
those of the 20 6-DMS combination distributions per dataset, it appears that the dis-
tribution for any DMS score dataset can be ascertained using only a minimal 6-DMS
subset. In addition, the similarity of the distributions between combinations within a
dataset suggests that any of the combinations can be chosen as a suitable experimental
subset.

The SVM models showed similar performance to the RF and logistic regression ML
models for the Mpro, PLpro and [-lactamase datasets, outperforming all other models
on the human BRCA1 RING domain and SARS-CoV-2 Spike RBD datasets. As SVMs
with an RBF kernel can capture smooth nonlinear boundaries, this behaviour may have
been captured better by the SVM models. Linear models, such as the logistic regression
model, were found to be comparable to non-linear ones, only on the hydrolase datas-
ets, outperforming the RF models on the Spike RBD dataset. Overall, the zero-shot pre-
diction SVM models appeared to provide the most consistent and robust performance
among the tested zero-shot prediction ML models across the diverse DMS datasets, as
shown in Fig. 3B.

Although the feature combinations were identified using a single, small dataset with-
out robust validation techniques, a consistent performance was observed in the zero-
shot evaluations across multiple independent DMS datasets. This suggests that the
selected feature combinations were not overfitted and not strongly biased towards the
Mpro FRET replicate 1 dataset.

In summary, all ML models and methods trained on the Mpro FRET replicate 1 data-
set had varying predictive power, reflected by the average macro F1 scores across the
evaluated datasets. Higher scores were observed for the Mpro, PLpro and p-lactamase
datasets, while performance decreased for the Spike and BRCA1 datasets. While some
test sets were better predicted than others, the overall macro F1 scores indicate that
the chosen combinations identified by the brute-force approach show promise for clas-
sifying substitution behaviour as wild-type or loss-of-function in related proteases and
hydrolases.

However, the limitations of these models must be acknowledged. The predictive power
of these models is limited to a binary classification of protein behaviour with a single
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amino acid substitution as either wild-type or loss-of-function in nature. This binary
classification does not capture intermediate functional effects, or the continuous nature
of some protein fitness landscapes. For example, the BRCA1 dataset values were classi-
fied by Starita et al. into three classes, namely wild-type like, impaired and completely
nonfunctional. Therefore, these models are not suitable for applications in which func-
tionality cannot be described by only two classes, the relative ranking of substitutions
to one another is required, or the experimental data contains multiple simultaneous
substitutions.

The next limitation of the framework is that one fixed target threshold was chosen
to distinguish the wild-type and loss-of-function behaviour over all datasets. While
this appears appropriate for datasets with DMS scores naturally separating at the fixed
threshold, this assumption does not hold for all DMS datasets. As a result, model perfor-
mance is most likely sensitive to the chosen threshold, and deviations in separation may
introduce bias into the classification results.

The last limitation of this framework is that it relies on normalised DMS score datas-
ets. This assumes the same scaling is applied to all datasets, and all information required
for this scaling is present, such as stop-codon and nonsense variant scores. However, in
their absence, score distributions may be shifted or rescaled inconsistently, making the
application of a fixed threshold less reliable and reducing transferability across datasets.

These limitations suggest that the current classification models within this framework
may not be optimal for datasets that do not meet all requirements. The use of regression
models, which predict continuous fitness scores rather than binary classes, may be more
appropriate for these datasets. Further investigation is necessary to determine whether
regression models and their corresponding feature combinations could improve general-
isibility across diverse DMS datasets.

To enable application of this framework to new proteins, the following methodology
is proposed. Any one of the 20 6-DMS combinations can be chosen, where the corre-
sponding DMS scores for all residues are then experimentally obtained, along with stop
codon scores. These scores are then normalised, and their distribution calculated. In
cases where a clear bimodal distribution separated with a 0.5 threshold is present, the
trained classification models from this framework can be applied with minimal modi-
fication. However, if the resulting distributions are unimodal, continuous or exhibit
shifted or poorly separated modes, model performance may be compromised, and alter-
native approaches should be considered. Regression models are recommended for data-
sets that do not exhibit bimodality, while classification models may instead be trained on
a dataset that exhibits a similar bimodal distribution and threshold to the target dataset
to be predicted.

Conclusion

In this study, we established a brute-force approach that integrates ML with DMS to
identify subsets of experimental mutations needed to predict all others, thereby effec-
tively reducing experimental effort and cost. We showed that multiple sets of 6-DMS
substitutions can predict the remaining fourteen with approximately 90% accuracy
(based on the F1 score), while classifying mutations as either wild-type or loss-of-func-
tion. Interestingly, while glycine and proline were consistently included in these sub-
stitution sets, the rest of the amino acids spanned diverse physicochemical properties,
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capturing various aspects of amino acid behaviour, which may contribute to robust pre-
diction performance.

We noted that all ML models and methods trained on the Mpro FRET replicate 1 data-
set had good predictive power when applied to DMS of proteins of similar functional
classes, including other proteases (PLpro) and hydrolases (B-lactamase). The high overall
macro F1 scores indicated that the chosen combinations are reliable, provided that data-
sets are carefully prepared, requiring both normalisation and bimodal, binary functional
classification as either wild-type or loss-of-function with a defined separation between
classes at DMS scores around 0.5.

Our results indicate that using subsets of DMS scores to predict the remaining sub-
stitutions with ML models shows promise, yet generalisability across protein families
requires improvement. Additional accuracy gains may be achievable by integrating addi-
tional information sources and approaches such as protein language models [29].
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