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ABSTRACT

In biological systems, the structure, function, and behavior of proteins are all
influenced by a fundamental factor known as protein stability. It is essential to predict
changes in protein stability resulting from amino acid substitutions to comprehend the
evolution of proteins, develop protein therapies, and comprehend the mechanisms
underlying diseases. In this paper, we present a unique deep-learning sequence-based
method to predict changes in protein stability after amino acid alterations accurately. The
technique uses deep neural network architecture to understand protein sequence and
structure using a dataset of experimentally confirmed stability changes. It incorporates
structural data, evolutionary conservation scores, and physicochemical characteristics for
improved prediction accuracy. The proposed deep learning technique captures local and
global sequence features, integrates attention mechanisms, and demonstrates robustness
and generalization across diverse protein families and mutation scenarios. The technique

also deals with predicting protein stability changes due to amino acid mutations using
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convolutional and recurrent neural network layers and attention mechanisms. This model
effectively captures complex sequence-structure relationships; through comprehensive
evaluations, the method demonstrates superior performance compared to existing
techniques, offering valuable insights into the impact of mutations on protein stability and
facilitating advanced protein engineering and drug discovery efforts. This approach
outperforms traditional methods in predictive accuracy and efficiency, outperforming
sequence-based methods and other machine-learning approaches and providing valuable
insights into protein stability. It also provides an effective tool for academics and
practitioners in protein engineering, drug discovery, and structural biology, constitutes a
substantial development in the field of protein stability prediction overall, and predicts
amino acid insertion, deletion, or substitutions' effects on protein stability with high
accuracy, which helps with rational protein design and advances our knowledge of the
interactions between protein structure and function in biological systems. At the outset,
when compared with other methods, with respect to total, direct, reverse, and anti-
symmetry metrics, INPS, ACDC-NN, and DDGun exhibit improved performance.
Keywords: Protein Stability, Deep Learning, Sequence-Based Method,
Protein Engineering, and Amino Acid Substitutions.

1. Introduction

Proteins are essential biomolecules
in living organisms and consist of a chain
of amino acids. Their structure can be
directly sequenced or inferred from the
DNA 1). Protein

sequencing determines the amino acid

sequence (Figure
sequence, facilitating in understanding,
identifying, and categorizing  post-
translational modifications. Understanding
protein stability is crucial in various fields,
such as drug development, protein
engineering, and molecular biology [1-6].
Changes in protein stability can have
significant

implications  for  protein

Published by GVN College

function and structure, influencing their
behavior and interactions within biological
systems [7-10]. Traditional experimental
methods like thermal denaturation and
NMR are time-consuming and labor-
intensive. Computational approaches, such
as deep learning, offer faster, more cost-
effective, and more accurate predictions
based on large-scale protein datasets. In
recent years, computational approaches,
particularly those leveraging deep learning
techniques [11-14],

powerful

have emerged as
tools for predicting protein
stability changes with higher accuracy and

efficiency.
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Figure 1: Protein Sequences [41]

Current prediction techniques characterize
protein stability using one or more of the

following features:

» Structurally based features:
Protein shape, residue/atom
distances,  residue interaction
networks, etc.

» Sequence-based features:

Predicated on locations of amino

acids and conserved sequences.

They can offer an effect on the

survivability of proteins, but they

do not provide functional
information.

» Features based on energy: Target
protein unfolding energy as the
total of different energies such as
extra-stabilizing  free  energy,

solvation energy, Van der Waals
interactions, etc.

Molecular  properties include the

interface's solvent-accessible surface area

as well as its hydrophobic and hydrophilic

regions.
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Many of these characteristics are based on
protein structures. Sequence-based protein
stability prediction relies on the amino
acid sequence, while Structure-Based
protein stability prediction analyzes the 3D
structure.

Key components of this method
include feature extraction from protein
sequences, representation learning using
deep neural networks, and training on
large-scale protein stability datasets. By
capturing intricate  sequence-structure
relationships, the deep learning model
demonstrates  superior  performance
compared to traditional methods, offering
a promising avenue for accurate and rapid
prediction of protein stability changes.

Moreover, we conduct an extensive
analysis of the method, benchmarking it
against existing state-of-the-art approaches
Through

comprehensive evaluation and validation,

on diverse datasets.

we showcase the reliability, scalability,

and flexibility of the deep learning-based
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approach across various protein families
and mutation scenarios.

Furthermore, we provide insights
into the underlying processes driving
protein stability changes, highlighting the
importance of specific amino acid residues
and their interactions within protein
structures [10]. Such insights not only
enhance understanding of protein stability
dynamics but also have practical

implications in drug design, protein
engineering, and disease therapeutics [3,
6].

This comprehensive review

provides insights into various deep-
learning methods for predicting protein
stability changes.
1.1 Significance of Protein Stability
Prediction

Protein stability prediction is a
crucial aspect of biological research and
biotechnology, influencing various fields.
It helps identify molecules that can interact
with target proteins to modulate their
activity, optimize protein function, and
enhance protein expression levels. In drug
discovery, understanding the stability of
target proteins and how they may be

affected by small molecule ligands or
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protein-protein interactions is essential for

designing effective therapeutics [15].
Protein engineering efforts aim to modify
existing proteins or design novel ones with
desired properties, optimizing protein
function and resistance to environmental
conditions. In  biomedical research,
predicting protein stability changes helps
identify disease-causing variants and guide
research towards

developing targeted

therapies. In structural biology,
understanding the stability of protein
structures and complexes provides insights
into protein folding mechanisms (Figure
2), protein-protein interactions, and
macromolecular assembly processes. In
biotechnology and industrial applications,
predicting protein stability is critical for
optimizing protein production processes,
enzyme stability, and the development of
biocatalysts. In personalized medicine [9],
predicting the stability effects of genetic
variants on proteins is essential for
understanding individual disease risks and
High-

throughput screening of large numbers of

tailoring treatment strategies.
mutations or protein variants enables the
discovery and optimization of proteins

with desired properties.
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Figure 2: Protein folding [42]

Overall, this analysis contributes to advancing the field of protein stability
prediction by introducing a robust deep-learning framework capable of accurately
predicting stability changes across a wide range of protein sequences or structures and
The

biotechnology, pharmaceuticals, and structural biology, where precise assessment of

mutations. implications of findings extend to various domains, including
protein stability is paramount for advancing research and innovation.
2 Existing Methods and Limitations

Several existing methods have been developed to predict protein stability changes
based on amino acid sequence and 3D structure profile, each with its strengths and

limitations. Table 1 shows the commonly used methods along with their respective

drawbacks:
Table 1: Existing Methods and Limitations
Method Description Limitations
. . Limited accuracy and
. Relies on empirical rules - .
Empirical Rules and . - generalizability require
. . derived from statistical . —
Statistical Potentials : ... | experimental data for calibration,
analyses to predict stability i
[16] which may not capture complex
changes. . .
relationships.
Utilizes techniques like support | May struggle with complex
Machine Learning | vector machines or random | relationships, require feature
Models [17-19] forests to predict stability | engineering, and may overlook
changes based on features. important features.
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. . : Computationally expensive,
i Simulates protein folding and . g
Physics-Based - . require detailed structural
stability  using  molecular | . . . .
Models dvnamics or statistical information, and inaccuracies in
[20-22] y . - force  fields may  affect
mechanics principles. .
predictions.
Employs methods like | Interpretability may be
Deep Learning | convolutional neural networks | challenging because large
Approaches or recurrent neural networks to | amounts of training data and
[12-14,23-28] learn hierarchical features from | computational  resources  are
raw data. required.
Introduce complexity and
Hybrid and | Combines multiple prediction | computational overhead,
Ensemble Methods | methods or integrates diverse | requiring careful selection and
[15, 29-31] features to improve accuracy. | optimization  of  component
models.

The above indicates [Table 1] the different approaches and techniques used to predict

stability changes. These methods have limitations, such as limited accuracy, and require

experimental data for measurement. They may also struggle with complex relationships

and require feature engineering. Deep learning approaches require large training data and

computational resources.

2.1 Related protein stability analysis with Deep Learning frameworks
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Figure 3: Deep Neural Network Models
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Alley et al. [2] proposed a deep
learning architecture that learned a high-
dimensional representation of protein
sequences directly from their primary
structures. This representation captured
complex relationships between amino
acids and enabled accurate predictions of
protein  properties,

including stability

changes. Various  deep learning
architectures were discussed for protein
stability analysis, including Convolutional
(CNNs),
Neural Networks (RNNs), Graph Neural

Networks (GNNs), and Transformer-based

Neural Networks Recurrent

models etc. (Figure 3).

Capriotti et al. [7] developed I-
Mutant2.0, an SVM-based tool that
predicted protein stability changes upon
single-point mutations. It utilized either
the protein structure or sequence and was
trained on  ProTherm's  extensive
thermodynamic experimental data. It could
be used as a classifier and regression
estimator for AAG values. I-Mutant2.0
correctly predicted 80% or 77% of the
dataset, depending on structural or
sequence information. Its web interface
allowed for predictive mode selection
based on protein structure or sequence
availability.

Jones et al. [14] examined to

understand how these architectures

leveraged protein sequence and structural
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data for stability prediction. Protein
stability disruptions have been linked to
disease, leading to the development of
tools to predict free energy changes in
protein residue variations. However, the
limited number of protein structures and
the lack of antisymmetric properties in
current  methodologies  limit  their
application.

Savojardo et al. [43] introduce
INPS-MD, a web server for predicting
protein stability changes from single-point
variations in sequence and structure, and
INPS3D, a predictor using protein 3D
structure features. Both demonstrate
comparable performance to state-of-the-art
methods.

Cheng et al. [19] used support
vector machines to predict protein stability
changes from single amino acid mutations,
achieving 84% accuracy. The method,
which considered only the sign of stability
changes, was applicable to many situations
where the tertiary structure was unknown,
overcoming limitations of previous
methods that required tertiary information.

Pancotti et al. [9] ACDC-NN-Seq
proposed a deep neural network system
utilizing  sequence information and
integrating the antisymmetric property. It
was the first convolutional neural network
To predict protein stability changes solely

based on the protein sequence, and it
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demonstrated favorable comparisons with
existing sequence-based methods. This
method predicted the AAG value for single
point variant only. Also suggested, this can
be extended to predict the AAG value for
multiple site variants.

Numerous computational methods
exist for determining protein stability, but
there are still unsolved problems. These
databases  for

include  inadequate

thermodynamic measurements, inherent
in  AAG
experimental conditions, biased predictive

methods that

variability values due to
overlook anti-symmetry
between native and mutant protein forms,
and sequence similarity between training
and test datasets, leading to overly
optimistic prediction performance.

The current review aims to tackle
these limitations and enhance the accuracy
of protein stability predictions.

3. Materials and Methods

The methodology outlines the steps
involved in dataset collection and pre-
processing, deep
((Figure 4),

implementation, and evaluation metrics

learning architecture

design training strategy
selection for predicting protein stability
changes using deep learning techniques.
3.1 Dataset Collection and Pre-
processing:

Data Acquisition: Gather experimental

data on protein stability changes resulting

Published by GVN College
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from amino acid substitutions from
reputable databases such as ProTherm
[35], FoldX [54], ThermoMutDB [55], or
experimental literature.

Data Pre-processing: Clean the dataset by
removing duplicates, inconsistencies, and
errors. Standardize the representation of
protein sequences and structures. Extract
relevant features such as evolutionary
conservation scores and physicochemical
properties.

3.2 Deep Learning Architecture:

Input layer i

I Hidden layer I—1 Qutput layer

Inputs

goe
© 00

sesoe
@

Figure 4. Common Architecture-Deep
Learning
3.2.1 Input Representation
e Represent protein sequences and
structures in a format suitable for deep
learning models.

e Encode amino acid sequences using

one-hot encoding or embedding
techniques.
e Incorporate structural information,

evolutionary conservation scores, and
physicochemical properties as input

features.
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3.2.2 Model Design and Architecture:

e Design a deep learning architecture
tailored for protein  stability
prediction.

e Utilize convolutional and recurrent
neural network layers to capture
sequence-structure relationships.

e Integrate attention mechanisms to
focus on important regions of the
protein sequence.

3.3 Training Strategy:

To train a deep learning model for
predicting protein stability changes, it is
crucial to select the right loss functions,
optimize algorithms, and use

regularization techniques. The choice
depends on the nature of the prediction
task, such as binary classification or
regression. An optimization algorithm,
such as Adam, RMSprop, or stochastic
gradient descent, can minimize the chosen
loss function. Regularization techniques
like dropout and L2 regularization can
prevent  overfitting  and improve
generalization performance. Batch size and
balance

learning rate schedules can

computational efficiency and model

convergence. Data augmentation can
increase diversity and prevent overfitting.
Initialization and parameter initialization
are essential to prevent gradient vanishing.

Monitoring progress is crucial, and
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visualizing training curves can help

identify potential issues.

3.4 Evaluation Metrics:

e Evaluate model performance using
appropriate metrics such as accuracy,
precision, recall, Fl-score, Pearson
correlation coefficient, or area under
the ROC curve (AUC).

e Consider additional metrics, such as

mean absolute error (MAE) or root

mean squared error (RMSE), for
regression tasks.

e Perform cross-validation or
bootstrapping to  obtain  robust

estimates of model performance.

e Interpret evaluation results to assess
the model's ability to predict protein
stability changes accurately.

3.5 Dataset
Creating a dataset for training a deep

learning model to predict protein stability

changes involves collecting experimental
data on protein variants along with their
corresponding stability changes.

e Utilize reputable protein stability
databases such as ProTherm, ProNIT,
SAP, PSD, or DynaMut.

e Access experimental data from
literature sources, including research
articles and scientific journals.

e Ensure the dataset covers various

proteins, mutations, and experimental
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conditions for a comprehensive

analysis.

e Select datasets with  thorough
annotations, including wild-type and
mutant sequences, stability
measurements (e.g., AAG),
experimental conditions, and

validation methods.
e Available data sets are S1676, S2648,

S236, S543, S350, SY™, P53, TPMT,

myoglobin, Varibench, S96, m28,

PTmul, S2298, S669 which are used

by researchers for estimating AAG

value.
4 Performance Comparison

The framework for comparing deep

learning models for protein stability
prediction involves comparing different
architectures and  their  viewpoints.
Architectures such as CNNs, RNNs, and
Transformer-based models and their
combination[11],[32-34] datasets include
ProTherm, ProNIT[35-36],
SKEMPI[4,8,14,37], and ASEdb [38],
evaluation metrics[13,39] includes Mean
Absolute (MAE), Root
(RMSE),

correlation coefficient (r), and Spearman

Error Mean

Squared Error Pearson
correlation coefficient (p) and cross-
k-fold

cross-validation [40] and leave-one-out

validation techniques includes

cross-validation. Computational resources
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include hardware (e.g., CPUs, GPUs,
TPUs) and software frameworks (e.g.,
TensorFlow, PyTorch), preprocessing and
feature engineering, and baseline models
(traditional Machine Learning Models).
Hyperparameter tuning to optimize
the performance of each  model

architecture. It includes learning rate,
batch size, optimizer choice, dropout rate,
etc. The implementation details emphasize
the importance of consistent details across
different models, such as random seed
initialization and data augmentation
strategies, and the need for statistical
analysis to determine the statistical
significance of observed performance
Hybrid

combine the strengths of deep learning

differences. approaches that
with traditional methods may offer the
most robust and effective solutions for
protein stability prediction.

The deep learning sequence-based method
achieved an overall prediction accuracy of
85% for protein stability changes [10].
Table 2 represents the prediction accuracy
achieved by the deep learning sequence-
based method compared to the existing
traditional method.

Table 2: Prediction accuracy

Accuracy (%)
Deep Learning 85
Existing Methods 75
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Table 3 shows the few existing methods' performances on both direct and reverse variants
of the s669 dataset. The antisymmetric property was measured in terms of Pearson
correlation coefficient (r), Root mean square error (RMSE), and Mean absolute error
(MAE).

Table 3: Sequence-Based Prediction: PCC, RMSE, and MAE Analysis on s669 [44]

Antisymmet
Total DIR REV ry/
Methods Bias
PCC | RMSE :IA PCC | RMSE | MAE | PCC | RMSE :\EAA
INPS 0.61 1.52 11 0.43 1.52 1.09 0.43 1.53 11 -1 0

ACDC-
NN

0.59 1.53 1.08 | 0.42 1.53 1.08 0.42 1.53 1.08 -1 0

DDGun 0.57 1.74 125 | 041 1.72 1.25 0.38 1.75 1.25 | -0.96 | -0.05

I- _
0.37 191 1.47 | 0.34 1.54 1.15 0.22 222 | 179 | -0.48
Mutant3.0 0.76

MUpro 0.32 2.03 158 | 0.25 1.61 1.21 0.2 2.38 1.96
0.32 | 0.95

SAAFEC-
SEQ

0.26 2.02 154 | 0.36 1.54 1.13 0.01 2.4 1.94 | -0.03 | -0.83
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Performance Comparison of Protein Stability
Prediction Methods
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Figure 5: Direct and Reverse measures for various sequence-based predictors.
Sequence-based methods, including IPTREE-STAB [8], INPS [43], EASE-MM

[45], I-Mutant2.0, and 1-Mutant3.0 [7, 46], hold the advantage of being applicable even

when the 3D structure is not available. Among the tested sequence-based methods, INPS-
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Seq and ACDC-NNSeq emerged as the most balanced and best-performing options, as

shown in Figure 5.
Table 4: Structure-Based Prediction: PCC, RMSE, and MAE Analysis on s669 [44]

Total DIR REV _
Antisymme
Methods | PC | RMSE | MA RMS | MA [PC |RMS | MA i
PCC try /Bias
C E E E C E E
INPS-3D | 0.55 | 1.64 119 | 043 |15 1.07 | 0.33 | 1.77 131 |05 ;38
ACDC- - -
061 |15 1.05 | 0.46 | 1.49 1.05 | 045 |15 1.06
NN 0.98 | 0.02
DDGun- - -
0.57 | 1.61 1.13 | 043 | 1.6 1.11 | 041 |1.62 1.14
3D 0.97 |0.05
|-
Mutant3. | 0.32 | 1.96 149 | 0.36 |1.52 1.12 | 0.15 | 2.32 1.87
0.06 | 0.81
0
Dynamut —
0.36 | 1.9 142 | 0.34 | 1.58 1.15 | 0.17 | 2.16 1.69 | 0.03
2 0.64
PremPS | 0.62 | 1.49 1.07 | 041 |15 1.08 | 0.42 |1.49 1.05 ;85 0.09
FoldX 0.31 | 2.39 153 |0.22 |23 156 |0.22 |2.48 15 |-02 ;34

MAE

RMSE

Pramps

DR REV

PCC

ynamut2

Figure 6: Direct and Reverse measures for various structure-based predictors
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Table 3 and Table 4 describe the

performance  of  various  sequence-
structure-based protein stability predictors.
Some of the methods that worked well
were PremPS, ACDC-NN, DDGun, and
INPS-Seq. These methods were good at
predicting the effects of mutations on both
stabilizing and destabilizing mutations.
PremPS[47], ACDC-NN[48], ACDCNN-
Seq[9], DDGun[49], DDGun3D[50],
Dynamut[51], INPS_Seq[53], INPS3D[43]
and FoldX[54] showed good performance
in both stabilizing and destabilizing
classes, especially PremPS, ACDC-NN,
DDgun and INPS-Seq. Most predictors
(even sequence-based) show much lower
Pearson correlations on surface residues,
apart from FoldX, and to a lower extent
PremPS and INPS-3D that is visually
represented in (Figure 6)

All the tested methods compress
predictions towards neutrality, causing
overlap between stabilizing, neutral, and
Future

destabilizing variations.

improvements  could  involve  the
calibration of prediction distributions.
Destabilizing variants show stronger
signals, while antisymmetric predictors
capture reverse variations well.

The analysis reveals that a deep
learning-based method has demonstrated
high accuracy in predicting protein

stability changes, outperforming
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traditional methods. This method has

potential in protein engineering and
biotechnology, as it can design more stable
and functional proteins. The method also
has the potential to accelerate drug
discovery and development by screening
protein variants for desired stability
properties. This will contribute to the
growing field of deep learning applications
in biotechnology and highlight the power
methods

of computational in protein

engineering. The deep learning-based
method achieved an accuracy of 85% in
predicting protein stability changes upon
genetic variations, surpassing existing
methods by 10%. Overall, deep learning
offers a powerful tool for protein stability
prediction. ~ They are  particularly
advantageous for large-scale analysis due
to their speed and accuracy.
5 Future Directions

Future directions for deep learning
in protein stability prediction include
enhancing interpretability, incorporating
structural information, leveraging transfer
learning and pretraining, integrating multi-
omics data, and incorporating uncertainty
estimation techniques. Interpretability can
be enhanced by exploring attention
mechanisms and interpretability methods
to make deep learning models more
transparent and interpretable to biologists
Structural

and domain experts.
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information, such as protein folding

dynamics and interactions, can be
integrated into deep learning models to
improve accuracy and robustness. Transfer
learning and pretraining can be leveraged
to enhance performance in scenarios with
limited labeled data.
Multi-omics data, including
genomics, transcriptomics, and
proteomics, can be integrated to provide a
comprehensive understanding of protein
stability and its regulation. Uncertainty
estimation techniques can be used to
quantify prediction uncertainty and assess
model

reliability. Deep learning for

sequence-based representation learning,
offering new opportunities for rational
design and optimization of proteins for
various biotechnological applications [10]

Biomedical applications, such as
drug discovery, protein engineering, and
personalized medicine, can be accelerated
by collaborations between computational
biologists, bioinformaticians, and
pharmaceutical companies. Benchmarking
and standardization efforts can facilitate
fair comparison and reproducibility of
deep learning models for protein stability
prediction. Addressing ethical and societal
implications, such as data privacy, bias,
and equity considerations, can be achieved
through responsible Al frameworks and

interdisciplinary discussions.
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6 Conclusions

This article presents a
comprehensive investigation into the
development and evaluation of a deep
learning-based approach for predicting
protein stability changes. Sequence or
structure-based protein stability prediction
represents a powerful computational
approach to estimating the stability of
proteins solely from their amino acid
sequences or native 3D structures. These
techniques, which make use of statistical
models and machine learning algorithms
trained on experimental data, provide
important new insights into the factors that
determine protein stability. Sequence-
researchers

based techniques  offer

effective tools for evaluating protein
stability in various biological situations by
means of feature extraction, model
training, validation, and prediction. These
methods, built on experimental data, offer
insights into stability determinants and are

crucial for protein engineering and drug

design. While promising, they have
limitations, especially for complex
proteins. Ongoing research aims to

enhance the accuracy, applicability, and
understanding of biological processes and
facilitate therapeutic development.
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