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Abstract

The prediction of protein stability and its changes is fundamental to understanding pro-
tein function in health and disease, guiding drug design, and engineering proteins with
desired properties. To facilitate these predictions, various computational methods have
been developed. Current state-of-the-art methods for predicting protein stability, pre-
dominantly based on machine learning (ML), face critical limitations due to the inherent
nature of supervised learning. These include data set biases, the black-box nature of
algorithms, and a reliance on static protein information, which overlooks the intrinsic
dynamic behavior of proteins. Such limitations can lead to inaccuracies, especially when
predicting the stability of proteins under various conditions, including point mutations.
To address these gaps and leverage the dynamic nature of proteins, this research adopts
Molecular Dynamics (MD) simulations, renowned for their success in capturing the com-

plex, real-time interactions within proteins.

The first phase of the research proposes the use of MD simulations to evaluate the
accuracy of predicted three-dimensional protein structures. This approach provides a
deeper understanding of protein stability, moving beyond static models to incorporate
the dynamic aspects that are crucial for an accurate representation of protein behavior.
By incorporating the protein stability information obtained from MD simulations, the
proposed method introduced new useful information for protein model quality estimation

while overcoming the limitation of ML-based methods.

In the second phase, the research extends the application field from protein stability to
stability changes, particularly in the domain of point mutations on protein stability by
employing alchemical molecular dynamics simulations to predict the resulting stability
changes. We introduced a novel protocol to enhance the performance by specifically
handling charge-changing mutation cases. Our proposed approach achieves significantly
better performance in comparison with state-of-the-art machine learning-based methods.
The research overcomes the limitations of static ML-based methods, providing a more

accurate prediction.

Finally, the methodologies developed and tested in this study not only enhance the pre-

diction accuracy for both protein stability and stability changes but also pave the way for



more comprehensive and highly applicable predictions in protein research. We explored
the potential to extend the method to more complex scenarios, such as the integration
with ML-based methods and multiple mutation cases. By integrating with machine
learning-based methods, it can tackle computational limitations which is the main dis-
advantage of the simulation methods, enhancing the speed without compromising the
accuracy of stability predictions. The initial results in multiple mutations also represent
a positive outcome. These open new alternatives for more reliable and insightful predic-
tions in protein research and its applications, particularly in the fields of drug design,

therapeutic interventions, and protein engineering.
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Chapter 1

Introduction

1.1 Protein structure

A protein is a large, complex molecule composed of amino acids, essential for the structure, func-
tion, and regulation of the body’s cells, tissues, and organs. Proteins are essential in all biological
processes, dictating the functional dynamics of living organisms at the molecular level. Protein
structure is a fundamental concept in molecular biology, encompassing a hierarchy of organizational
levels that dictate the function and interaction of proteins. [I] The primary structure, consisting of a
linear sequence of amino acids, is determined by the genetic code and sets the stage for higher-order
structures. This sequence undergoes folding to form secondary structures, such as alpha-helices and
beta-sheets, driven by patterns of hydrogen bonding and the chemical properties of the constituent
amino acids. These secondary structures further fold into a unique three-dimensional configuration
known as the tertiary structure, which is stabilized by various interactions including hydrophobic
interactions, hydrogen bonds, ionic bonds, and disulfide bridges. [2] The highest level of protein
structure, the quaternary structure, emerges when multiple protein sub-units assemble into a func-
tional complex.

One of essential characteristics of proteins is their dynamic nature. [3} [4] While often depicted
as static entities, proteins in reality exhibit a high degree of flexibility and undergo various confor-
mational changes (Figure . [5] This dynamic behavior is crucial for their biological function,
allowing proteins to adapt to different functional states, interact with diverse biomolecules, and par-
ticipate in complex cellular processes. The dynamic nature of proteins is intrinsically linked to their
stability. [6] Environmental factors such as temperature, pH, and interactions with other molecules
can induce these conformational changes, highlighting the importance of understanding protein dy-
namics for accurate functional prediction. The interplay between protein dynamics and stability is
a key area of study, as changes in conformation can significantly impact a protein’s stability. This
relationship is particularly evident in cases where alterations in protein dynamics lead to stability

changes, affecting protein function and potentially leading to disease states.
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Figure 1.1: Tllustration of dynamic conformational events in proteins. Reproduced with permission
from Springer Nature. [5] This schematic depicts the range of motions altering protein conforma-
tions, spanning time scales from nanoseconds to hours. It highlights the diverse temporal dynamics
inherent in protein structural changes, encompassing rapid fluctuations to slower, more gradual
transformations.



1.2 Protein structure stability

Protein stability is a fundamental aspect of molecular biology and biophysics that intricately ties
into every domain of life processes. It represents the balance between the unfolded and folded
states of a protein in specific environmental conditions as depicted by the example shown in Figure
[[:2] This balance is underpinned by the thermodynamic measures of a protein’s propensity to
remain in its native, folded state as opposed to a denatured or unfolded state. [7] In biological
systems, the stability of a protein is important for its function, as every protein’s role is deeply
intertwined with its three-dimensional structure. [8] This spatial arrangement of amino acids is what
bestows proteins with their unique abilities, whether it’s enzymatic catalysis, structural support, or
cellular signaling. Protein stability also dictates the longevity of a protein within cellular systems.
Proteins with higher stability are more resistant to degradation, thereby maintaining their functional
presence for the necessary duration. On the other hand, instability can lead to protein aggregation,
which is an aberration in protein behavior and has been linked to numerous diseases, including
neurodegenerative conditions like Alzheimer’s and Parkinson’s. [9] The balance of protein stability
is not just internally determined by the amino acid sequence and structural configuration of the
protein. It’s also influenced by an array of external factors. These range from environmental aspects
like pH, temperature, and ionic strength, to cellular interactions with ligands, other proteins, or

even molecular chaperones that assist in protein folding.

1.2.1 Measuring protein stability

To measure the stability of a protein, one must consider both its thermodynamic and kinetic charac-
teristics. Thermodynamically, the free energy difference, represented as AG, stands out as a primary
indicator. AG provides profound insights by quantifying the energy difference between a protein’s
folded and unfolded states. A negative AG indicates a spontaneous process, suggesting that the
protein is inherently stable in its native conformation. Another important measure is the melting
temperature, or Tm, which elucidates the exact thermal point at which a protein transitions from
its native, folded state to an unfolded conformation. [I1l 12 13] While these measures provide
quantitative insights, the behavior of proteins under denaturing conditions can offer qualitative un-
derstandings. For instance, the way a protein responds to chemical agents that disrupt its structure
can reveal not only its structural robustness but also pinpoint specific regions that may be vulnerable

to destabilization.

1.2.2 Experimental Determination of Protein Stability

The experimental determination of protein stability is a crucial aspect of molecular biology, provid-
ing essential insights into the behavior of proteins under various conditions. This understanding is

pivotal for applications ranging from drug design to the elucidation of disease mechanisms. Over
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Figure 1.2: This schematic illustrates the stepwise folding process of a protein, depicting its transition
from an unfolded state to a stabilized native state. Reprinted with permission from [10]. Copyright
2022 American Chemical Society. From left to right, the protein progressively stabilizes towards its
native conformation. Conversely, moving from right to left, the protein destabilizes, transitioning
towards an unfolded state. A key feature of this process is the WMG (Warm Molten Globule)
intermediate state, represented as a partially folded stage with a hydrated core. The transition from
the WMG intermediate to the native state involves a critical step of hydrophobic desolvation and
the establishment of tertiary packing, culminating in the protein achieving its fully folded, native
structure.

the decades, the methodologies employed in determining protein stability have evolved significantly,
transitioning from basic techniques to advanced, sophisticated methodologies. The field of experi-
mental protein stability determination has undergone significant evolution, transitioning from basic
techniques to advanced, sophisticated methodologies. [14]

Central to these developments are calorimetric techniques, which have been instrumental in
elucidating the thermodynamic aspects of protein behavior. [I5] These techniques, by precisely
measuring the heat exchange during protein folding and unfolding processes, offer direct insights
into the thermodynamics governing protein stability. In conjunction with calorimetry, spectroscopic
methods have emerged as indispensable tools in protein stability analysis. [I6] Techniques such as
absorbance spectrometry, fluorescence resonance, and circular dichroism are employed to monitor
subtle structural alterations in proteins under various conditions. [I7, [I8] These methods are par-
ticularly adept at detecting changes such as the exposure of hydrophobic cores or alterations in
secondary structural elements like alpha helices and beta sheets.

Recent decades have witnessed the advent of more advanced biophysical methods, integrating
cutting-edge technologies like nuclear magnetic resonance (NMR) and X-ray crystallography. [19][20]
These methodologies have significantly broadened the scope of protein stability studies, providing a
more detailed and comprehensive understanding of the factors influencing protein stability. Collec-
tively, these diverse techniques have greatly enhanced our ability to characterize protein stability,
contributing profoundly to the field of molecular biology. [2I] The insights gained from these ad-
vanced methods have not only deepened the fundamental understanding of protein behavior but

have also opened new fields for various applications.



1.2.3 Application

The experimentally determined protein stability information finds extensive applications across var-
ious scientific and medical fields. In drug design and development, understanding protein stability is
crucial for identifying stable protein targets essential for effective drug binding and action. [22] This
knowledge aids in the development of drugs with optimal binding affinity and efficacy. Similarly, in
the pharmaceutical industry, the stability of therapeutic proteins such as enzymes and antibodies is
a key consideration for their efficacy and shelf life. Stable therapeutic proteins are more effective in
treatment regimes and less prone to degradation, making them more reliable in clinical applications.
23]

In the field of disease research, protein stability data is instrumental in understanding the molec-
ular basis of various disorders, particularly those involving protein misfolding or aggregation, such as
Alzheimer’s and Parkinson’s diseases. By analyzing how mutations or environmental factors affect
protein stability, researchers can uncover the underlying mechanisms of these diseases and develop
targeted treatments. [24] Additionally, in the field of biotechnology, protein stability information is
vital for the design of enzymes used in industrial processes. [25] Enzymes with enhanced stability
are more efficient and can withstand harsh industrial conditions, making them more suitable for
applications in biofuels, waste management, and food processing. [26]

Furthermore, in structural biology, the stability data of proteins assists in the accurate modeling
of protein structures, which is crucial for understanding their function and interactions. This infor-
mation is particularly valuable in the design of biomimetic materials and in synthetic biology, where
stable protein structures are engineered for specific applications. [27] In proteomics, stability data
helps in predicting the behavior of proteins under different conditions, facilitating the discovery of
new biomarkers for disease diagnosis and prognosis. [28] Lastly, in the emerging field of personalized
medicine, protein stability information can be used to tailor treatments based on individual genetic
profiles. [29] Understanding how specific genetic variations influence protein stability can guide the
development of personalized therapeutic strategies, ensuring more effective and targeted treatments
for patients. [30]

Additionally, accurate modeling of protein structures informed by stability data plays a pivotal
role in protein model quality assessment. [3I] This application is particularly relevant in the field
of computational biology, where the assessment of predicted protein models against experimental
data is crucial. The ability to accurately predict and assess protein structures using stability data
enhances the reliability of computational models, making them indispensable tools in drug discovery
and protein engineering. [32] By improving the accuracy of protein models, researchers can better
understand protein behavior in various conditions, leading to more effective drug designs and novel

therapeutic approaches.



Lastly, in the emerging field of personalized medicine, protein stability information can be used to
tailor treatments based on individual genetic profiles. Understanding how specific genetic variations
influence protein stability can guide the development of personalized therapeutic strategies, ensuring

more effective and targeted treatments for patients. [30, [33]

1.3 Protein stability prediction

The attempt to predict protein stability is a critical aspect of contemporary molecular biology, pri-
marily driven by the importance of addressing the limitations of wet laboratory experimental meth-
ods. Experimental methods while foundational in elucidating protein behavior, are often constrained
by their inherent limitations in scalability, resource intensity, and temporal efficiency. [34] B5] These
constraints are particularly essential in the context of the expansive and complex data sets charac-
teristic of modern biological research.

Computational methods have emerged as a pivotal response to these challenges, offering an al-
ternative approach by performing prediction of protein stability through theoretical and algorithmic
frameworks. These methods encompass a broad spectrum of computational strategies, each tailored
to specific aspects of protein analysis. For instance, when examining protein structures, compu-
tational models can predict how alterations in amino acid sequences or environmental conditions
might affect the overall stability of the protein. Similarly, in the context of protein-ligand interac-
tions, these methods can forecast how binding events may influence the structural integrity of the
protein. [36] [37]

The concept paradigm of computational predictions in protein stability involves comprehensive
analysis of various protein attributes. Inputs such as primary sequence data, tertiary structure
information, or environmental parameters are processed through computational models to yield pre-
dictions about the protein’s stability. [38] 89} [40] By providing predictions on protein stability under
a variety of conditions and scenarios, computational approaches extend the reach of experimental
techniques. They enable researchers to hypothesize and test a broader range of biological phenomena
in a virtual environment, which can then guide and inform subsequent experimental investigations.
[41] They address some of the limitations of experimental approaches by offering a more scalable

and efficient means to explore protein behavior.

1.3.1 Prediction target

Protein stability supports a wide array of research applications. In the domain of computational
prediction, the targets for prediction extend from direct thermodynamic measures to include various
derivatives of stability information. These targets encompass a range of parameters, from thermo-

dynamic measures like the free energy difference (AG) and the melting temperature (Tm), as well as



their derivatives (ATm and AAG), each with multiple applications across various fields of protein
research. [42] 18]

The prediction of AG is crucial for understanding the inherent stability of proteins in their
native conformation. Computational methods that accurately predict AG provide insights into
how proteins maintain their structural integrity under varying environmental conditions. [43] Such
predictions are fundamental for accurate modeling of protein structures, especially in designing
stable protein structures for specific applications like biomimetic materials. Similarly, the prediction
of Tm is vital for determining the thermal stability of proteins, a key factor in both drug design and
the development of therapeutic proteins. The ability to predict Tm aids in identifying proteins that
can maintain functionality under thermal stress, which is crucial in pharmaceutical applications.

Furthermore, the changes in melting temperature (ATm) and free energy difference (AAG) are
particularly significant in the context of protein-protein interactions, protein-ligand binding, and the
effects of mutations. Computational predictions of ATm and AAG assist in evaluating how struc-
tural alterations, such as those induced by point mutations or binding events, influence the overall
stability of proteins. [44, 45], [46] This information is critical for unraveling the molecular mecha-
nisms underlying various diseases and for the development of targeted drug therapies, as it provides
a deeper understanding of how stability changes can impact protein function and interactions.

In the context of prediction targets that are the derivatives of stability information, understanding
the stability of a protein’s native state is crucial. According to Anfinsen’s dogma, the native structure
of a protein, determined solely by its amino acid sequence, is the most stable conformation under
physiological conditions. [47] This principle underscores the significance of the native state’s stability
in protein research, as it is indicative of the protein’s functional form. To assess the stability of the
native state indirectly, one effective approach is through model quality assessment. [48] This involves
generating a score that reflects the accuracy and reliability of a predicted protein model. Although
the score is not a direct physical measure akin to AG, it is intrinsically linked to the stability
information of the protein, serving as an indicator of the protein’s structural integrity and stability.

49, [50]
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1.3.2 Scope of this research

In this research, the application of protein stability information is initially explored within the field
of protein model quality assessment. This area was chosen due to its critical role in computational
biology, where accurate prediction and assessment of protein structures are essential for understand-
ing protein function and interactions. Accurately predicted structure theoretically is the structure
with the most stable conformation. Reliable quality assessment is pivotal in determining the usabil-
ity of predicted models in further biological and biomedical research, making it a foundational step
in protein analysis. The discussion then progresses to address protein stability changes, especially in
the context of point mutations. The focus on point mutations was selected because of their profound
impact on protein stability, leading to significant structural and functional alterations. Such changes
are at the heart of many genetic diseases and are crucial in the development of targeted therapies.
Understanding these stability changes through the prediction of AAG is essential for unraveling the
molecular mechanisms underlying various diseases and for the development of effective therapeutic
strategies. By exploring both protein model quality assessment and stability changes due to point
mutations, this research aims to contribute to a more comprehensive understanding of protein dy-
namics, offering insights that are vital for both basic scientific inquiry and practical applications in

medicine and drug design.

1.3.3 Methods of protein stability prediction

The field of protein stability prediction has evolved significantly over time, reflecting advancements
in computational methods and a deeper understanding of protein dynamics. Initially, statistical
methods were employed, leveraging sequence and structural data to infer stability changes, particu-
larly in the context of mutations. [51], 52, [63] These methods were foundational in the field, providing
initial insights into how protein stability could be predicted from available data. However, their ef-
fectiveness was often limited by the availability and quality of empirical data. These early methods
laid the groundwork for future advancements, setting the stage for more sophisticated approaches.
54

As the field progressed, physics-based methods were introduced, offering a more theoretical
approach to understanding protein behavior. [55] Grounded in thermodynamics and molecular in-
teractions, these methods aimed to provide a deeper understanding of the forces governing protein
stability. They represented a significant step forward, moving beyond empirical data to theoretical
modeling. However, these methods often required simplifications in their models due to computa-
tional limitations at the time, which sometimes limited their accuracy and applicability. [56]

With the advent of machine learning, a significant shift occurred in the field. These algorithms,
capable of processing large data sets, began to enhance prediction accuracy by incorporating a

variety of features, including physicochemical properties and empirical energy functions. Machine
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learning methods marked an improvement over earlier techniques, offering more data-driven and
sophisticated analyses. However, they sometimes faced challenges with interpretability and data
dependency, highlighting the need for large, high-quality data sets for training. [57), 58]

Deep learning, a subset of machine learning, further advanced the field of protein stability predic-
tion. These models, adept at handling complex, high-dimensional data, offered more nuanced and
detailed predictions. Deep learning’s ability to discern intricate patterns in protein sequences and
structures led to more reliable predictions. [59) [60] However, these models often required substantial
computational resources and were sometimes criticized for their ‘black box’ nature, which made it
challenging to understand the basis of their predictions. [61]

The latest advancement in this field is the integration of molecular dynamics simulation. Molec-
ular dynamics simulations provide a dynamic perspective, capturing real-time interactions within
proteins. This approach is particularly effective in understanding stability changes due to mutations
and environmental factors. [62], [63] It represents a comprehensive method, considering both the
static structure and the dynamic nature of proteins. However, molecular dynamics simulations are
computationally intensive and require a high level of expertise for accurate interpretation, making

them a sophisticated but resource-demanding tool in protein stability prediction. [64]

1.4 Problem of current protein stability prediction methods

The field of protein stability prediction, while having made significant strides, faces several chal-
lenges. A primary issue is the heavy reliance on extensive, high-quality data sets, particularly in
machine learning and deep learning approaches. [65] These methods require a significant amount
of data for training, and the accuracy of their predictions is heavily dependent on the quality and
diversity of the data used. This reliance becomes a major hurdle when dealing with rare or novel
proteins, for which extensive data may not be available. Additionally, the collection and preparation
of such large datasets can be resource-intensive and time-consuming. [66]

Another critical issue is the black-box nature of many machine learning and deep learning models.
[67] While these models can provide accurate predictions, understanding the underlying reasons
for these predictions can be challenging. This lack of interpretability is a significant drawback in
research settings where understanding the basis of predictions is crucial for further scientific inquiry
and validation. [68] Moreover, the complexity of these models often makes them less transparent,
hindering the ability to improve or troubleshoot them based on specific needs or observations.

Generalizability also poses a significant challenge. Many existing prediction methods are devel-
oped and tested on specific types of proteins or conditions, limiting their broader applicability. This
specialization can limit their applicability to a broader range of proteins or different environmental

conditions, reducing their utility in diverse research or practical applications. [69] The challenge lies
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in developing methods that are both accurate and versatile, capable of handling a wide range of
proteins and conditions with equal efficacy.

Physics-based methods, though less reliant on large data sets, often require simplifications in their
models due to computational limitations. These simplifications can sometimes lead to inaccuracies,
especially when dealing with complex proteins or interactions. Additionally, both machine learning
and physic-based methods may not fully capture the dynamic nature of proteins, focusing more on
static structural aspects. As a result, they might miss critical insights into how proteins behave
under various physiological conditions. [54]

Another significant challenge is the computational intensity of advanced methods like molecular
dynamics simulations. While molecular dynamics simulations provide detailed and dynamic insights
into protein behavior, they require substantial computational resources, making them less accessible
for widespread use. This limitation is particularly pronounced in resource-constrained environments
or for researchers who do not have access to high-performance computing facilities. Furthermore,
the complexity of these simulations necessitates a high level of expertise for accurate setup and

interpretation, which can be a barrier for many researchers. [70]

1.5 Research purpose

The purpose of this thesis is to introduce new useful information to improve the accuracy of protein
stability and stability change prediction by introducing a novel approach that integrates dynamic in-
formation from molecular dynamics simulations. It also aimed to address and overcome the inherent
limitations of current machine learning-based methods, which predominantly rely on static structural
data and require complex feature extraction and extensive training. This was accomplished on two
research applications where first, by incorporating dynamic protein stability features derived from
molecular dynamics simulation trajectories, we developed a new method for protein model quality
estimation. In the further extension to stability changes research, the developed method aims to
automate and improve the prediction process for protein stability changes due to point mutations,

specifically targeting the challenges posed by charge-changing mutations.

1.6 Contributions

The main contribution of this thesis is the development of a novel approach that integrates protein
dynamics information, obtained from molecular dynamics simulations, into the prediction of protein
stability and stability changes in single protein structures. This novel approach addresses and
overcomes the inherent limitations found in machine learning-based methods. A key advantage of
the proposed method is it does not need complex feature extraction and extensive training processes

typically associated with machine learning models. By incorporating dynamic information from the
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molecular dynamics simulations, this approach not only introduces additional useful information but
also enhances the accuracy of protein stability predictions. This offers a more comprehensive and
dynamically informed perspective in understanding protein behavior and functionality.

The first part of the research detailed in chapter [3|introduces a new approach for protein model
quality estimation. The method leverages explicit dynamic information, integrating protein stability
features extracted from molecular dynamics simulation trajectories. Existing methods in this domain
have primarily relied on static structure information. Model inaccuracies can significantly impact
protein stability due to its structural changes over time in an in-silico system [63]. By incorporating
protein structural stability information that has not been employed by any existing methods, this
research offers a new useful information in model quality assessment. The use of short molecular
dynamics simulations with simple parameters and short time frames further enhances the method’s
efficiency and practical applicability.

The second part of the research described in chapter [4] introduces a novel workflow that not
only automates the prediction process but also specifically targets the challenges in handling charge-
changing mutations. It addresses the challenges faced by existing machine learning-based methods
in predicting protein stability changes due to point mutations. These methods often struggle with
biased training sets predominantly consisting of neutral mutations and exhibit poor performance in
highly stabilizing or destabilizing cases. Furthermore, their reliance on local, static information leads
to a neglect of global and dynamic aspects of protein structures. The proposed method employs
alchemical molecular dynamics simulations for free energy calculations, this approach provides a

more accurate and comprehensive analysis compared to existing state-of-the-art methods.

1.7 Content of This Thesis

The chapter [2| delves into the broader field of protein stability prediction, providing an overview of
existing research and its diverse applications in computational biology and protein engineering. This
chapter begins by exploring the current landscape of protein stability prediction, highlighting the
key challenges and advancements in the field. It then focuses on two specific applications of research
related to the prediction of protein stability and stability changes. The chapter discusses the existing
problems in these applications, particularly emphasizing the limitations of current methods that do
not adequately incorporate dynamic information about proteins. Towards the end of the chapter,
we further explain about molecular dynamics simulations as the main methodology that used in this
research to encapsulate the dynamic aspects of proteins.

In chapter [3] we introduce a novel approach for estimating the quality of protein models by har-
nessing structural stability information gleaned from molecular dynamics simulations. This chapter

details how MD simulations are utilized to obtain accurate protein stability information, which is
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essential for evaluating the quality of protein models. The focus here is on demonstrating the im-
portance of reliable stability assessment in ensuring the accuracy and usefulness of protein models
in subsequent analyses and engineering efforts.

In chapter [ we propose a novel workflow is proposed to enhance the alchemical method for
predicting protein stability changes due to point mutations. Here we shift the focus to predicting
stability changes in proteins upon point mutations. This chapter extends the discussion from inherent
protein stability to the dynamic changes in stability resulting from point mutations. This chapter
also includes a comparative analysis of the performance between supervised learning-based methods
and our rigorous alchemical approach.

Chapter [5| discusses the potential extensions of the research, particularly focusing on the inte-
gration of machine learning methods with MD simulations to achieve optimal predictions of protein
stability. This chapter explores how machine learning can enhance prediction computation time. It
also discusses the further extension of the application that involves multiple mutations and mutation

pathway reliability which is very important in the actual application.
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Chapter 2

Prediction of protein stability and
stability changes

2.1 Research overview

The study of protein stability and stability changes encompasses a broad spectrum of biological
phenomena, from the macroscopic interactions within protein networks to the microscopic behavior
of individual proteins, encompassing various aspects from the stability of protein complexes to the
intricacies of individual protein folding and mutations. This diversity underscores the importance
of protein stability in molecular biology, driving advancements in our understanding of biological
systems and informing the development of new therapeutic strategies. The stability of protein com-
plexes, including protein-protein and protein-ligand interactions, is fundamental to cellular function.
These interactions are crucial for the formation and regulation of complex biological systems, and
understanding their stability is key to deciphering cellular mechanisms. [7T] [72] [73].

At the level of individual proteins, stability plays a critical role in maintaining structural integrity
and functional efficacy. This is particularly evident in enzymatic activity and cellular signaling path-
ways, where the proper folding and stability of proteins are essential for their activity. Protein folding
dynamics are central to this discussion, as correct folding is vital for protein function. Misfolding
or instability can lead to aggregation and dysfunction, often associated with diseases. The impact
of mutations on protein stability is another significant area of research. Point mutations can dras-
tically alter protein stability, leading to changes in structure and function that are crucial in the
development of genetic diseases and in therapeutic interventions. Research in this area has revealed
how even minor alterations in amino acid sequences can have profound effects on protein stability
and function. In addition to genetic factors, environmental conditions such as temperature, pH, and
ionic strength play a significant role in protein stability. The response of proteins to these external
factors is a key area of study, particularly in understanding how proteins maintain their stability
under varying conditions. This has implications for biotechnological applications, where protein

stability under different environmental conditions is critical. [74] [75]
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Furthermore, the study of intrinsically disordered proteins (IDPs) has added a new dimension to
our understanding of protein stability. IDPs lack a fixed three-dimensional structure but are func-
tionally active, challenging the traditional view of the structure-function relationship in proteins
[76]. Recent advancements in computational techniques, including machine learning algorithms and
molecular dynamics simulations, have revolutionized the study of protein stability. These compu-
tational approaches, particularly machine learning and deep learning, have become state-of-the-art
in predicting protein stability changes, complementing traditional methods and providing a more
comprehensive understanding of protein dynamics.

In this research, the application of protein stability information is initially explored within the
field of protein model quality assessment. The discussion then progresses to address protein stability
changes, especially in the context of point mutations. The primary goal of this chapter is to provide
an overview of applications in each research field, reviewing the current state-of-the-art methods in
protein model quality assessment and the prediction of stability changes due to point mutations.
The subsequent sections will delve into a detailed discussion of molecular dynamics simulation, the
principal methodology used in this research, exploring its potential to provide a more comprehensive
understanding of protein dynamics. This chapter also highlights the limitations of existing methods.
A significant observation is the lack of utilization of dynamic information in these fields, despite its
crucial role in protein stability. The utilization of dynamic information can offer valuable insights
and enhance the performance of existing methodologies. Additionally, this chapter will discuss how
recent advancements in computational techniques can be leveraged to better understand and predict

protein stability changes.

2.2 Molecular dynamics simulation

In this section, we provide an overview of molecular dynamics simulation, as it is the primary
methodology employed in this research. Molecular dynamics simulation is rooted in the principles
of classical mechanics, offering a computational lens to scrutinize the dynamic behavior inherent
to molecular systems. By employing Newton’s equations of motion for each atom or particle, MD
simulations present a real-time, temporal depiction of atomic and molecular trajectories. This
dynamic view bridges the theoretical constructs with the tangible world, giving us a granular look
into molecular activities as they unfold. Further, as computational power has grown, so has the
resolution and depth of MD simulations. Not only do they visualize molecular activities, but they also
enable predictions and provide explanations for phenomena otherwise elusive to direct observation.
From fundamental research to applied sciences, the role of MD simulations in reshaping our molecular

understanding cannot be understated.
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2.2.1 Background

MD simulations have revolutionized our understanding of biomolecular dynamics, offering a window
into the atomic-level interactions within proteins, nucleic acids, and other biological macromolecules.
The historical development of MD simulations marks a journey from rudimentary models of simple
molecular systems to sophisticated simulations of complex biological processes. This evolution has
been propelled by significant advancements in computational power and algorithmic efficiency, en-
abling researchers to explore the dynamic nature of biomolecules with increasing accuracy and detail.
At the heart of MD simulations lies the application of classical mechanics principles, particularly
Newton’s laws of motion. These simulations involve the iterative solution of motion equations for
each atom in a system, allowing for the prediction of molecular behavior over time. This approach
provides critical insights into the structural dynamics, interactions, and functional mechanisms of
biomolecules under various conditions. [77] The ability to simulate these intricate processes has pro-

found implications for understanding biological systems and developing therapeutic interventions.

2.2.2 Algorithm

The choice of algorithms in MD simulations is crucial for accurately integrating the equations of
motion, which are fundamental to predicting the behavior of molecular systems over time. The
Verlet algorithm, a cornerstone in MD simulations, exemplifies the balance between computational
efficiency and numerical stability. This algorithm calculates the positions of particles at each time
step based on their current positions and velocities, along with the forces acting upon them. Its
simplicity and lack of velocity dependence make it highly efficient, especially for large systems. [78]

Variations of the Verlet algorithm, such as the Velocity Verlet and Leapfrog methods, offer
additional benefits. The Velocity Verlet algorithm, for instance, is particularly advantageous for its
ability to provide velocity information at each time step, which is essential for calculating kinetic
properties and thermodynamic quantities. This algorithm is often preferred in simulations where
energy conservation and detailed analysis of particle velocities are crucial. [T9] Another important
aspect of these algorithms is their impact on the stability of MD simulations. The choice of time step
is a critical factor; too large a time step can lead to inaccuracies and instability, while too small a time
step significantly increases computational demand. The algorithms must strike a balance, ensuring
that the simulation remains stable over the desired time scale while maintaining computational
feasibility. This balance is particularly challenging when simulating systems with a wide range
of motion timescales, from fast-moving electrons to slower-moving larger molecules. Furthermore,
the integration algorithms in MD simulations are continually evolving. Recent advancements aim to
enhance the accuracy of simulations under extreme conditions, such as high pressure or temperature,

and for complex systems involving multiple phases or interfaces.
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2.2.3 Force Fields and Potential Energy Functions

Force fields play a pivotal role in MD simulations, dictating the accuracy with which molecular
interactions are modeled. A force field is a collection of equations and parameters that describe
the potential energy of a system as a function of the positions of its atoms. These equations
typically include terms for bond stretching, angle bending, torsional interactions, and non-bonded
interactions such as van der Waals forces and electrostatics. The choice of a force field depends
on the system being studied and the specific interactions that need to be accurately represented.
For instance, the CHARMM and AMBER force fields are widely used in protein simulations for
their detailed treatment of biomolecular interactions. The development of more sophisticated force
fields, incorporating polarizability and quantum mechanical effects, continues to be an area of active

research, aiming to enhance the realism and predictive power of MD simulations. [80]

2.2.4 Time integration, stability, and computational considerations

Time integration is a critical aspect of MD simulations, involving the numerical integration of New-
ton’s equations of motion to update the positions and velocities of atoms over time. The stability and
accuracy of these simulations depend on the choice of the time step and the integration algorithm.
A smaller time step leads to more accurate simulations but requires more computational resources.
The stability of the simulation is also influenced by factors such as the stiffness of the system and
the accuracy of the force field. Computational considerations, therefore, play a significant role in the
design and execution of MD simulations. With advancements in high-performance computing and
parallel processing, it has become feasible to conduct longer and more complex simulations, opening

new avenues in biomolecular research.

2.2.5 General protocol of molecular dynamics simulation

MD simulations follow a structured protocol to accurately model the behavior of biomolecules. This
process involves several key steps, each contributing to the overall fidelity and relevance of the
simulation as shown in Figure [2.1

The protocol of MD simulation involves several key steps, each contributing to the overall fidelity

and relevance of the simulation. The following numbered list outlines these steps:

1. Preparing protein structures for simulation: The process begins with obtaining high-
quality structural data, typically from experimental methods like X-ray crystallography or
NMR spectroscopy. The protein structure is then optimized and energy-minimized to remove
any steric clashes or unrealistic bond lengths and angles, ensuring the starting conformation

is as close to its natural state as possible.

19



|r[ energy minimization _]‘]. | :

T — — — —

N

— — — — — —

input

Protein

preprocessing

*  Structure optimization
Energy-minimization

Structure

I N

PDB ID

— — —

— — — — —_—————

equilibration dynamics \

» NVT ensemble (constant
number of particles,
volume, and temperature)

* NPT ensemble (constant
number of particles,

|

pressure, and temperature) I

* Remove any steric
clashes or unrealistic
bond lengths and angles

e ————

~N_ _ _ _ . ___ -

R — ——

( solvation \I
Define box |
Addions

| * Penodic boundary condition |

production dynamics ]l

———— — —— — —

— i — — — —— — —

|[ trajectory analysis ]l
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2. Solvation models, ionic conditions, and periodic boundary conditions: The prepared
protein structure is placed in a simulated environment that mimics its natural surroundings.
This includes adding a solvation model, such as a water box, around the protein. Ionic condi-
tions are replicated by adding counterions and salt ions to neutralize the system and establish
physiological ionic strength. Periodic boundary conditions are applied to simulate an infinite

system and avoid edge effects.

3. Equilibration dynamics (NVT and NPT ensembles): Before the production phase of
the simulation, the system undergoes equilibration in both the NVT (constant number of
particles, volume, and temperature) and NPT (constant number of particles, pressure, and
temperature) ensembles. This step ensures that the system reaches a stable state with respect

to temperature and pressure, respectively.

4. Production dynamics: In this phase, the actual MD simulation is carried out, where the
system evolves over time under the defined conditions. This step generates the trajectory data

that will be analyzed in subsequent steps.

5. Trajectory analysis: The final step involves analyzing the trajectory data obtained from the
production phase. This analysis can include studying various properties such as root-mean-
square deviation, radius of gyration, hydrogen bonding patterns, and more, to understand the

behavior and interactions of the biomolecules.

2.2.6 Molecular dynamics software and tools

Several software packages and tools are available for conducting MD simulations, each with its unique
features and capabilities. Popular MD software includes GROMACS, AMBER, and NAMD, which
offer a range of functionalities from basic simulations to advanced modeling techniques. These tools
are continually updated to incorporate the latest advancements in computational biology, making
them indispensable in the field of molecular dynamics. Choosing the right MD software depends on
the specific requirements of the simulation. Factors such as system size, complexity, and the desired
level of detail play a crucial role in this decision. The continuous development of these software
tools, including improvements in algorithms and the introduction of new features, ensures that they
remain at the forefront of molecular dynamics research.

GROMACS is renowned for its high performance and efficiency, especially in simulating large
systems. It is optimized for speed and can handle a vast number of particles, making it a go-to
choice for large-scale simulations. [8I] AMBER, on the other hand, offers a comprehensive suite
of tools for biomolecular simulations, with a particular focus on nucleic acids. Its force fields and
simulation protocols are widely used in the study of DNA and RNA. [82) NAMD is designed for high-

performance parallel computing, making it suitable for very large systems. It excels in scalability
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and can be used effectively on both CPU- and GPU-based architectures. NAMD’s versatility allows
it to perform a wide range of simulations, from standard MD to more complex enhanced-sampling

techniques. [83]

2.2.7 Data analysis and interpretation

Data analysis and interpretation in MD simulations are crucial for extracting meaningful insights
from the complex simulation data. This process involves a variety of techniques and tools, each
contributing to a deeper understanding of the biomolecular systems under study. The analysis trans-
forms raw simulation data into a coherent narrative, revealing the dynamic behavior and interactions
of molecules. It involves a meticulous examination of the trajectories and a careful interpretation of
their significance in the context of biological function and molecular stability. This step is vital for
bridging the gap between theoretical predictions and experimental observations.

Trajectory analysis is a fundamental aspect of MD simulations, where the trajectories represent-
ing the time evolution of molecular systems are examined. Techniques such as clustering, principal
component analysis, and free-energy landscape mapping are employed to analyze these trajectories.
The use of inherent structure analysis to discretize trajectories and construct free-energy surfaces
can provide insights into the dynamic organization of biomolecular systems. [84] This approach helps
in identifying key conformations and transition states, offering a deeper understanding of molecular
mechanisms and interactions.

Analyzing key properties like root-mean-square deviation (RMSD) and energy profiles is crucial
for understanding the stability and conformational changes of biomolecules. RMSD measures the
deviation of a structure from a reference conformation over time, revealing information about the
structural stability and flexibility of the molecule. Energy profile analysis is vital for understanding
protein folding and ligand-binding processes. These analyses provide quantitative measures of the
simulation’s accuracy and the reliability of the predicted molecular behavior, making them indis-
pensable in the validation of simulation results.

Visualization tools and techniques also play an integral role in MD data analysis. Software such
as VMD and PyMOL offer capabilities for visualizing molecular structures, trajectories, and inter-
actions. [85] [86] These tools facilitate the exploration of molecular dynamics, enabling researchers
to gain insights into the mechanisms underlying biomolecular functions. Visualization not only aids
in the interpretation of complex data but also allows for the communication of findings in a more

accessible and understandable manner.
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2.2.8 Applications of molecular simulation in protein stability research

MD simulations have become a fundamental tool in protein research, offering insights into various
aspects of protein structure and function. These simulations enable the study of protein folding,
dynamics, ligand-protein interactions, and much more, providing a detailed understanding of the
molecular mechanisms underlying biological processes. The versatility of MD simulations allows
researchers to explore a wide range of biological phenomena, from the behavior of individual proteins
to complex interactions within larger biomolecular systems. This has led to significant advancements
in our understanding of protein behavior at the molecular level, contributing to fields ranging from
biochemistry to drug design.

Protein folding and dynamics are key areas where MD simulations have made significant con-
tributions. By simulating the folding pathways of proteins, researchers can gain insights into the
factors that influence protein stability and function. This understanding is crucial for the design of
proteins with desired properties and for unraveling the mechanisms of protein-related diseases. MD
simulations provide a dynamic view of the folding process, offering a detailed picture of how proteins
attain their functional conformations. This knowledge is vital for understanding the fundamental
principles of protein biochemistry and for developing strategies to manipulate protein behavior for
therapeutic purposes. [87]

Ligand-protein interactions are another critical area explored through MD simulations. These
interactions are central to understanding the function of proteins and are particularly important in
drug discovery. MD simulations help in predicting the binding modes and affinities of ligands to
proteins, thereby aiding in the identification of potential drug candidates. The ability to simulate
these interactions with high accuracy has made MD an invaluable tool in the pharmaceutical indus-
try, where it is used to screen and optimize drug candidates before they are tested in experimental
settings.

MD simulations also play a vital role in the stability prediction of proteins. By simulating
different environmental conditions and mutations, researchers can predict how these changes affect
protein stability. This information is invaluable in protein engineering and in understanding the
molecular basis of diseases caused by protein instability. The ability to accurately predict the effects
of mutations on protein stability has implications for understanding genetic diseases and for designing
proteins with enhanced stability or novel functions. [88]

Furthermore, the integration of MD simulations with experimental data has enhanced our under-
standing of proteins. This combination allows for the validation of simulation results and provides
a more comprehensive picture of protein behavior. The synergy between computational and exper-
imental approaches is key to advancing our knowledge in the field of protein research. It enables
researchers to test hypotheses generated from simulations with experimental data, leading to more

robust conclusions and a deeper understanding of complex biological systems.
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2.2.9 Challenges and limitations

MD simulations have become a cornerstone in protein research, but they face significant challenges
related to computational resources, accuracy, and system size. One of the primary challenges is
the computational intensity required for large-scale simulations. Recent advancements have aimed
to reduce the memory footprint and computational time, allowing for simulations of unprecedented
system sizes. However, these improvements often require sophisticated computational infrastructure,
which may not be accessible to all research groups. The need for high-performance computing
facilities and the associated costs remain a significant barrier in the field. [89]

Real-time rendering of large MD simulation data sets is another challenge, especially when the
data size is too large for conventional memory management. Advanced techniques are being de-
veloped to optimize rendering frame rates and handle large data sets effectively. However, these
techniques require specialized knowledge in computer graphics and programming, adding another
layer of complexity to MD simulations. The challenge lies in making these advanced rendering
techniques more user-friendly and accessible to researchers who may not have a background in
computational graphics.

The accuracy of MD simulations is also a critical concern. The use of multiple-time-step algo-
rithms has been explored to save computational effort, but this approach involves a trade-off between
computational efficiency and the accuracy of the simulations. Ensuring the reliability of simulation
results while managing computational resources effectively remains a delicate balance. Furthermore,
accurately parameterizing force fields to reflect real-world molecular interactions continues to be a
challenging aspect of MD simulations. Additionally, the application of constraints to increase the
time step in simulations can lead to potential side effects, limiting the applicability of this method.
While constraints can help in managing the computational load, they may introduce artifacts or
inaccuracies in the simulation results. Researchers must carefully consider these limitations when
designing their simulations and interpreting the results. [90]

Future directions in MD simulation for protein research involve leveraging advancements in
computational technology to overcome existing challenges. The development of parallel comput-
ing techniques and the utilization of high-performance computing power are key to managing the
computational demands of large-scale simulations. These approaches enable the distribution of com-
putational tasks across multiple processors, significantly reducing simulation times and allowing for
more complex and larger system analyses. Additionally, the emergence of distributed cloud comput-
ing systems offers a scalable and accessible solution, providing researchers with the computational
resources needed without the requirement of maintaining their own high-end computing infrastruc-
ture. As computational technology continues to evolve, it is expected that these advancements will
greatly enhance the accuracy, efficiency, and applicability of MD simulations in protein research,

opening new avenues for exploration and discovery.
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2.2.10 Alchemical simulation

Alchemical simulations represent a sophisticated and versatile computational approach within the
field of molecular dynamics, offering profound insights into the study of molecular interactions and
transformations. The term of ‘alchemical’ refers to the theoretical transformation of one molecu-
lar into another within a computational framework. Alchemical simulations in molecular dynamics
represent a sophisticated computational technique where virtual, stepwise transformations of molec-
ular systems are performed. These transformations could involve changes in atomic types, bonding
patterns, or electronic states, mirroring the metaphorical essence of ancient alchemy. The use of the
term alchemical thus signifies the transformative aspect of these simulations, where one molecular
entity is methodically and theoretically converted into another. This process is achieved through a
series of intermediate states, allowing for a detailed exploration of the transition pathway and its en-
ergetic profile. The ability to perform such transformations in silico offers a powerful tool for probing
molecular mechanisms that are challenging to study through direct experimental approaches.

The applications of alchemical simulations are extensive and diverse, encompassing a range from
drug-receptor interactions, such as protein-protein interactions and the intricacies of ligand binding,
to the complexities of protein folding and enzyme catalysis. One of the primary applications is in
the field of protein folding and stability studies. By applying this theorem in alchemical simulations,
researchers can accurately calculate the free energy changes associated with protein folding, unfold-
ing, and mutations. This is particularly important in understanding the stability of proteins and
their variants, which has implications in drug design and understanding disease mechanisms. The
simulations can be broadly categorized into two types: equilibrium and non-equilibrium simulations,

each with distinct methodologies and applications.

Equilibrium simulation

Equilibrium simulations allow the system to attain a steady state where macroscopic properties
remain constant over time. These simulations ensure that a system reaches a steady state, where its
macroscopic properties, like temperature and pressure, remain constant over time. This approach is
crucial for accurately determining the free energy changes associated with molecular transformations.
One prominent method within equilibrium simulations is Free Energy Perturbation (FEP). FEP
involves the calculation of free energy differences between two states of a molecular system under
equilibrium conditions, typically used for studying protein folding, unfolding, and mutations. FEP
is based on the principle of equilibrium simulations. It calculates the free energy differences between
a reference state and a target state by perturbing the system slightly and measuring the response in
terms of free energy change. This method is particularly effective for detailed studies where precision

in free energy calculations is important, though computationally intensive.
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The FEP method operates on the principle of gradually perturbing a system from a reference
state to a target state and measuring the resultant changes in free energy. This gradual perturbation
allows for a detailed examination of the transition between states, making FEP a preferred method
for studies requiring high precision in free energy calculations. For instance, the implementation of

FEP in a molecular dynamics study typically follows a structured approach:

1. State Selection: The process begins with the selection of the initial and final states of the
molecular system. These states could represent different conformational states, binding states,
or compositions, such as the folded and unfolded forms of a protein, a protein with and without

a bound ligand, or wild-type and mutant forms of a molecule.

2. Intermediate State Generation: A series of intermediate states are created to model the transi-
tion between the initial and final states. These intermediate states, often defined by varying the
alchemical coupling parameter lambda (X ), form a bridge, allowing a gradual and controlled
transformation of the system. The parameter A smoothly interpolates between the initial and

final states, enabling the system to transition through a series of intermediate configurations.

3. Equilibration and Sampling: Each intermediate state, defined by a specific A value, is equili-
brated, allowing the system to adequately explore its conformational space. Extensive sampling
at these states is crucial for capturing accurate statistical data, which forms the backbone of

reliable free energy calculations.

4. Free Energy Calculation: The essence of FEP lies in the calculation of free energy differences
between successive intermediate states, each characterized by different A\ values. By computing
these differences and summing them up, the total free energy change associated with the
system’s transformation is determined. This calculation often involves statistical reweighting
techniques to accurately estimate the free energy differences from the sampled distributions at

each \ state.

FEP’s reliance on equilibrium conditions renders it an invaluable tool in molecular dynamics.
Its versatility allows it to be applied to a wide range of scenarios, providing detailed insights into
the energetics of various molecular transformations. Whether investigating protein folding, ligand
binding dynamics, or the effects of mutations, FEP offers a rigorous approach to understanding the
changes in free energy that accompany these processes. FEP’s reliance on prolonged equilibrium
conditions makes it highly accurate for free energy calculations, but also computationally intensive,
especially in large systems where extensive sampling over prolonged periods is necessary. This is
particularly true when observing detailed protein behavior during state changes, as FEP requires
extensive sampling over extended periods. In contrast, non-equilibrium simulations provide a dif-
ferent approach, particularly useful in scenarios where observing real-time conformational changes

is less critical than rapidly obtaining free energy estimates.
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Non-equilibrium simulation

Non-equilibrium simulations in molecular dynamics provide an efficient alternative to equilibrium
methods. This efficiency is particularly beneficial when rapid molecular transformations are studied,
and the detailed observation of conformational changes is not the primary focus. These simulations
offer a time-efficient means to estimate free energy differences, especially in scenarios where molecu-
lar systems are large. This approach is particularly useful for studying molecular systems undergoing
transformations that are either too fast to reach equilibrium or where the interest lies in the imme-
diate response of the system to perturbations, rather than detailed state changes. Non-equilibrium
simulations, therefore, focus on capturing snapshots of the system at various stages of transformation

and quickly assessing the energetic implications. The methodology typically involves:

1. FEstablishing Initial Conditions: The process starts with a shorter equilibrium phase to establish
initial conditions for the system. This phase sets the necessary baseline before any perturbation

and typically involves equilibrating the system at an initial A\ value.

2. Capturing Snapshots for Non-Equilibrium Simulations: The system’s state is rapidly changed
to capture snapshots at various stages of transformation. These snapshots, taken at different
A values, serve as starting points for subsequent non-equilibrium simulations. By varying A,

the system is transitioned between different states, capturing a range of configurations.

3. Performing Non-Equilibrium Simulations: Non-equilibrium simulations are then performed
from these snapshots. In this phase, the system is rapidly perturbed to new states by altering

A over time, thus capturing the dynamic response of the system to these changes.

4. Calculating Free Energy Differences: The final step involves calculating the free energy differ-
ences based on the data gathered from these non-equilibrium simulations. The changes in A
across the simulations facilitate the computation of free energy differences, offering a quicker
yet effective assessment of the system’s energetics. This approach contrasts with the extensive

sampling periods required in equilibrium methods like FEP.

Among the various methodologies employed, the Crooks Fluctuation Theorem stands out as a
particularly revolutionary principle. It provides a quantitative relationship between the probabil-
ity distributions of work done on a system during forward and reverse non-equilibrium processes.
This theorem is particularly significant in alchemical simulations where it allows for the accurate
calculation of free energy changes in molecular systems undergoing transformations. The theorem
states that the ratio of the probability of observing a certain amount of work W in the forward
process to the probability of observing the same amount of work in the reverse process is exponen-
tially related to the work done and the difference in free energy between the initial and final states.

Mathematically, it is expressed as:
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PForward(W) B(W—-AG)
Lrorward(W) 2.1
PReverse(_W) ( )

where Prorward (W) and Preverse(—W) are the normalized probability distributions of work values
obtained from the forward and reverse transformation paths and AG is the free energy difference.

For an actual example, in the context of mutations, the study typically involves both equilibrium
and non-equilibrium simulations as depicted in Figure In equilibrium simulations, the system
is allowed to attain a steady state where macroscopic properties such as temperature and pressure
remain constant. This equilibrium state serves as a critical reference point for assessing the impact
of mutations in a controlled environment. On the other hand, non-equilibrium simulations involve
inducing rapid changes to the system. These simulations are crucial for observing the system’s
immediate and dynamic response to sudden molecular transformations, such as those induced by
mutations.

Compared with equilibrium methods, non-equilibrium simulations in molecular dynamics often
require less computational cost but entail greater computational complexity. This complexity stems
from several factors that impact both the accuracy of predictions and the computational burden.
Firstly, thorough sampling of conformations at the initial and final states is essential for accurate
predictions. Secondly, work values derived from non-equilibrium runs typically exhibit non-normal
distributions, which affects the overlap of work distributions in forward and reverse directions;
insufficient overlap can lead to inaccuracies in free energy calculations. Thirdly, the criteria for
sufficient overlap, crucial for the reliability of the method, necessitate the use of ensembles. Moreover,
when differences between the two physical endpoints are substantial, extensive sampling at these
states and adequately long non-equilibrium transitions are required to ensure convergence of the
predicted free energy changes. While a flexible protocol, adapting various parameters to the system
under study, is recommended for both equilibrium and non-equilibrium approaches, a significant
limitation of the latter is the inability to simply extend the length of non-equilibrium transitions.
Increasing transition duration necessitates rerunning the entire set of transitions, which can hamper
flexibility and prove inconvenient in large-scale applications. [91]

The choice between equilibrium and non-equilibrium approaches depends on the specific goals of
the study, considering factors such as the desired level of detail, computational resources, system size,
and the nature of the molecular transformations being investigated. For instance, in the domain
of protein stability prediction upon mutation, especially when confronted with the necessity of
conducting large mutational scan analyses, non-equilibrium simulations emerge as the preferred
approach over equilibrium simulations. The inherent advantages of non-equilibrium methods are
their computational efficiency and the ability to rapidly process extensive datasets—align closely with

the demands of high-throughput screening endeavors. These methods enable the swift prediction
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of changes in free energy (AAG), a critical parameter in assessing the impact of mutations on
protein stability. This efficiency is indispensable in contexts where the primary goal is to identify
mutations with significant effects from a vast pool of possibilities, rather than to delve into the
intricate molecular dynamics characterizing each mutation. While it is recognized that equilibrium
simulations offer more accuracy, the pragmatic benefits of non-equilibrium simulations are their speed
and reduced computational cost which make them particularly advantageous for studies aiming to
balance between mutational coverage within large systems. Thus, in scenarios prioritizing the rapid
assessment of protein stability across numerous mutations, non-equilibrium simulations is more

preferable as the method of choice.
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Figure 2.2: Illustration of the alchemical simulation in the case of mutation. Reproduced with
permission from Springer Nature [92] The procedure involves two distinct equilibrium simulations,
one representing the wild-type (WT) protein at A = 0 and the other depicting the mutant form
at A = 1. These simulations are conducted over a range from nanoseconds to microseconds to
ensure comprehensive sampling of the end state ensembles, which is critical for the accuracy of
the free energy estimation. From these simulations, specific snapshots are chosen to initiate rapid
transition simulations (spanning 10-200 ps) that drive the system in both forward (A : 0 — 1) and
reverse (A : 1 — 0) directions. The work values associated with these transitions are recorded, and
the Crooks Fluctuation Theorem is subsequently applied to determine the free energy difference
between the wild-type and mutant states
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2.3 Protein stability prediction

Historically, the endeavor to understand protein stability was primarily confined to experimental
methodologies, ranging from X-ray crystallography to nuclear magnetic resonance spectroscopy. [93]
94] These techniques, though revolutionary, were limited by their scalability, high resource demand,
and the slow pace at which data could be generated and analyzed. The advent of computational
biology in the late 20th century marked a significant paradigm shift, offering new avenues to predict
protein stability through theoretical models and simulations. [I]

The protein stability prediction embedded within the broader tapestry of molecular biology
and biochemistry, mirrors the scientific community’s quest to unravel the complexities of protein
function and its determinants. This narrative begins in the mid-20th century, with the pioneering
work of Christian Anfinsen laying the conceptual foundation through his seminal experiments on
ribonuclease A. [47] Anfinsen’s dogma, positing that the primary sequence of a protein dictates its
three-dimensional structure and by extension, its stability has catalyzed decades of research aimed
at deciphering the intricate mechanisms governing protein folding and stability. [95] 9]

The foundation rests on Anfinsen’s dogma, positing that the native structure of a protein, charac-
terized by its most stable conformation, corresponds to the global minimum on the energy landscape.
Proteins fold through multiple intermediate states, navigating through a funnel-shaped energy land-
scape toward the native structure. This funnel represents not a single, deterministic pathway but a
multitude of routes that guide the protein to its lowest energy state. Historically, the quest to under-
stand protein folding and predict stability involved molecular simulations, an approach that, while
groundbreaking, was significantly hampered by the computational limitations of the era. [96} [97]
These simulations sought to explore the vast conformational space to identify the most stable struc-
tures, a task that is computationally intensive due to the sheer number of possible configurations
and interactions to consider. [98] [99]

The development of computational approaches to protein stability prediction can be seen as a
response to the growing need for scalable, efficient methods to complement traditional experimental
techniques. Early computational models were primarily focused on understanding the thermody-
namic properties of proteins, using physical principles to predict how changes in sequence or en-
vironment might influence protein stability. These efforts were greatly enhanced by the increasing
availability of protein structure databases in the 1990s, such as the Protein Data Bank (PDB), which
provided a wealth of data for computational analysis. [100]

The advent of sophisticated computational techniques, notably those leveraging machine learning,
has further revolutionized the field. These methods can now predict protein structures with high
accuracy, identifying candidates for the most stable conformations without the need for exhaustive
simulation of the folding process. Following prediction, model quality assessment tools are employed

to select the most stable structures from among these candidates, ensuring that predictions align
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with biophysical realities. This evolution in approach has been facilitated by Critical Assessment
of protein Structure Prediction (CASP) [69] and technological advancements, allowing for rapid
progress in computational biology.

As a result of these advancements, the focus of protein stability prediction has broadened signifi-
cantly. Researchers are no longer confined to studying the folding of individual proteins in isolation.
The field focus progressed and expanded to encompass a wider understanding of the factors influenc-
ing protein stability, including but not limited to, the effects of mutations and protein-ligand inter-
actions. [42] [I0T] Researchers began exploring how post-translational modifications, intramolecular
forces, protein folding pathways, and the cellular environment contribute to the stability landscape
of proteins. [102] This broader perspective recognized the multifaceted nature of protein stability,
influenced by a complex interplay of biochemical and biophysical factors.

Advancements in algorithmic development, particularly in the area of machine learning and arti-
ficial intelligence, have been instrumental in facilitating this expanded focus. These computational
tools, capable of handling vast data sets and extracting meaningful patterns, have significantly en-
hanced our ability to predict stability across a diverse range of proteins and conditions. [I03] Machine
learning models, trained on data from both experimental observations and theoretical predictions,
have become adept at forecasting stability changes, thereby broadening the scope of protein stability
research beyond traditional confines. [104]

The integration of computational predictions with experimental data has indeed become a defin-
ing characteristic of modern protein stability research. This interdisciplinary approach not only
enhances the predictive power of computational models but also provides a feedback mechanism to
refine experimental designs based on computational insights. The symbiotic relationship between
computational and experimental methodologies has propelled the field forward, enabling a more
nuanced understanding of protein stability and its implications for biotechnology, pharmaceutical

research, and the elucidation of disease mechanisms.

2.3.1 Prediction target

The field now encompasses a wide range of applications predicting the thermodynamic properties
of proteins such as changes in Gibbs free energy ( AG) and melting temperatures (7,,). These
developments have opened new avenues for exploring the complex interplay of forces that govern
protein stability and function, marking a new era in the study of proteins and their roles in biological
systems. Reflecting on the historical development of protein stability prediction, it is evident that
the field has grown to encompass a diverse range of approaches, each contributing to our compre-
hensive understanding of protein behavior. This journey, from Anfinsen’s foundational work to the
sophisticated computational models of today, illustrates the continuous evolution and integration of

multiple research domains within protein stability prediction.
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In the domain of drug discovery and development, computational approaches play a pivotal role
in identifying and optimizing drug-protein interactions. Central to this endeavor is the quantitative
assessment of stability changes induced by potential drug compounds, specifically, the change in
Gibbs free energy, represented as AAGypinding- [105] This metric is crucial for designing molecules
with optimal binding properties that modulate protein function effectively. By leveraging computa-
tional models that integrate structural data and dynamic simulations, researchers can predict how
binding events affect the stability of target proteins. [I06] The output, quantified as changes in
binding free energy, guides the selection and optimization of lead compounds, ensuring their efficacy
and specificity.

In the study of protein-protein interaction networks, understanding the stability dynamics within
these complexes is essential for elucidating cellular processes and signal transduction pathways. [107]
Computational analyses aim to quantify the energetics of protein complexes AGpinding, providing
insights into the stability contributions of individual interactions. This quantitative approach allows
researchers to map the stability landscape of protein assemblies, offering a deeper understanding of
cellular machinery and identifying potential therapeutic targets within these networks.

In the realm of thermal stability prediction, the focus is on estimating the melting temperature
(T),) of proteins. This parameter is essential for understanding how proteins behave under various
temperature conditions, a factor that is crucial for biotechnological processes and the formulation
of biopharmaceuticals. [L08] Accurate predictions of T, allow researchers to identify proteins that
maintain their functionality at different temperatures, enabling the development of stable therapeutic
proteins and industrially relevant enzymes.

Allosteric regulation prediction aims to understand how modifications or ligand binding at sites
distant from the active site influence protein stability and function. [I09] This analysis is pivotal
for the design of allosteric modulators, offering a strategy to regulate protein activity in a nuanced
manner. Predictive models assess the impact of allosteric interactions on protein stability, quanti-
fying changes in stability (AAGpinding) Or activity that results from these interactions. [II0] Such
predictions inform on the potential of allosteric sites as therapeutic targets, guiding the design of
modulators that can either enhance or inhibit protein function with high specificity.

Mutation impact analysis focuses on assessing the effects of natural or induced mutations on pro-
tein stability. This analysis is vital for unraveling the molecular underpinnings of diseases, guiding
therapeutic interventions, and shaping genetic engineering efforts. [I11] By quantifying the stability
change due to mutations (AAG), computational models provide insights into how alterations in
amino acid sequences influence the structural integrity and functionality of proteins. This quan-
titative metric serves as a cornerstone for predicting the phenotypic consequences of mutations,
facilitating the identification of potential targets for drug development and the design of proteins

with enhanced properties. [112]
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Biophysical property prediction extends the scope of stability predictions by integrating them
with assessments of other critical biophysical properties, such as disorder regions and binding affini-
ties. [113}[114] This holistic approach enables a more comprehensive understanding of protein behav-
ior, correlating stability with functional attributes that influence protein interactions and activity.
By leveraging computational models to predict these properties, researchers can gain insights into
the complex relationship between protein stability, solubility, and interaction dynamics, informing
on the protein’s role in cellular processes and its suitability for therapeutic applications.

The field of structural bioinformatics plays a pivotal role in advancing protein stability prediction
by developing and refining algorithms that predict stability based on three-dimensional structures.
Incorporating factors like folding energy landscapes and conformational dynamics, these algorithms
enhance our ability to model the energetics of protein folding and stability. [I15] The development
of such algorithms not only improves the accuracy of stability predictions but also contributes to
our understanding of the principles governing protein structure and function, facilitating the design
of proteins with desired characteristics.

Model quality assessment (MQA) for stability prediction underscores the importance of ensuring
the reliability of computational models used in stability predictions. Developing metrics and vali-
dation tools to assess the quality of these models is essential for guaranteeing that predictions are
based on accurate, the most stable, and reliable structural information [48]. This aspect of protein
stability research is critical for bridging the gap between computational predictions and experimen-
tal validation, ensuring that the insights derived from computational models are reflective of true
protein behavior and can be confidently applied in scientific research and therapeutic development
[116].

The significance of MQA extends beyond the foundational assessment of model accuracy; it
serves as a crucial prerequisite for all subsequent computational analyses aimed at understanding
protein behavior. Reliable protein structures, validated through MQA, form the basis for exploring
a wide range of biological phenomena, for instance in the context of the effects of mutations, the
dynamics of protein-protein interactions, and the protein-ligand binding. These analyses hinge on
the initial confidence in the protein model’s fidelity, as inaccuracies in the structural representation
can lead to misleading conclusions about a protein’s stability and function.

As what existing works have shown for instance, a comprehensive QMEAN Z-score analysis of
all experimental structures in the PDB, which found that membrane proteins accumulate on one
side of the score spectrum and thermostable proteins on the other, underlines the significance of
the QMEAN Z-score as an estimate of protein stability. Proteins from the thermophilic organism
Thermatoga maritima received significantly higher QMEAN Z-scores in a pairwise comparison with
their homologous mesophilic counterparts, highlighting the utility of QMEAN scores not only in

assessing model quality but also in indirectly estimating protein stability [49} 50].
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By ensuring that computational models accurately reflect the protein’s native state, MQA enables
researchers to confidently extend their investigations into these critical areas, thereby enriching
our comprehension of protein mechanisms and facilitating the development of targeted therapeutic
strategies. This layered importance of MQA underscores its pivotal role in the broader context of
protein research, emphasizing that reliable structure prediction is not merely the first step but a
continuous necessity for meaningful computational biology and biochemistry studies.

The integration of model quality assessment into protein stability prediction is a testament to the
field’s commitment to accuracy and reliability. Given Anfinsen’s dogma that the native structure is
the most stable, MQA'’s role in selecting the best model closest to the native structure is crucial. It
ensures that the selected model likely represents the most stable conformation, providing a reliable
basis for predicting protein stability. This connection between MQA and stability prediction is not
just methodological but foundational, reinforcing the need for precise and accurate computational

models to advance our understanding of protein stability and function.

2.4 Protein stability: application in protein model quality
assessment

Protein stability is a critical factor in determining the accuracy and reliability of protein structure
models. This sub-chapter delves into the essential role of protein stability information in the field of
protein model quality assessment (MQA) research. We begin with an overview of MQA, highlight-
ing its significance in computational biology and structural bioinformatics. This overview lays the
groundwork for a detailed examination of existing MQA methods, focusing on their strengths, limita-
tions, and particularly the challenges they face due to the lack of utilization of dynamic information

related to protein stability.

2.4.1 Protein model quality assessment

The three-dimensional (3D) structure of proteins is pivotal for understanding their functional mecha-
nisms and plays a crucial role in drug discovery. [I17}, [TT8] Typically determined through experimental
methods like X-ray crystallography, NMR, spectroscopy, and electron microscopy, these techniques,
while effective, are often costly and time-intensive. [I19] To address these challenges, computational
approaches have been developed to predict protein 3D structures from primary sequence data. Com-
parative modeling, for instance, identifies homologous known protein structures and aligns the query
sequence to these templates. In cases where no homologous sequences are found, de novo modeling
is employed, utilizing general principles of folding and energetics. Despite advancements, current
computational schemes often generate multiple structure models, necessitating a method to iden-
tify the most accurate model that closely resembles the native structure. This process is known as

model quality assessment. The importance of MQA lies in its ability to determine the reliability of
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protein models, which are essential for understanding protein function, interactions, and for guiding
further experimental or computational studies. The evolution of MQA has been marked by a signifi-
cant shift from traditional comparative methods to the incorporation of sophisticated computational
techniques.

Key metrics used in MQA include the Global Distance Test - Total Score (GDT_TS) and the
Local Distance Difference Test (IDDT). GDT_TS measures the similarity between the predicted
model and the native structure by calculating the average percentage of residues within a certain
cutoff distance. IDDT, on the other hand, evaluates local conformational accuracy by comparing
distances between atoms in the model and the native structure. Both GDT_TS and IDDT have
become standard benchmarks in MQA, providing comprehensive assessments of model accuracy.
These metrics are crucial in evaluating the performance of computational methods in accurately
predicting protein structures, and they play a significant role in guiding the development of more

advanced and reliable modeling algorithms.

2.4.2 Related work

Initially, MQA relied on basic structural comparisons, where predicted protein models were eval-
uated against known structures using fundamental physicochemical principles. Traditional MQA
methods relied on statistical potential scoring functions like DFIRE, [41] DOPE, [120] GOAP, [121]
and RWplus. [122] These early methods laid the groundwork for understanding protein structure
and function. As computational biology advanced, it introduced more sophisticated methodologies,
enhancing the accuracy and efficiency of model assessment. This transition was driven by the in-
creasing complexity of protein structures and the growing volume of protein models generated by
various prediction techniques. Concurrently, the development and utilization of benchmark data
sets, notably those from the Critical Assessment of Protein Structure Prediction (CASP) compe-
titions (https://predictioncenter.org/index.cgi), have been pivotal in the evolution of MQA
methods. CASP data sets have provided a platform for systematic evaluation and comparison of
various assessment techniques, fostering an environment conducive to both competitive and collab-
orative advancements in the field. The CASP competitions have underscored the importance of
accuracy in model predictions, pushing the boundaries of computational methods in protein struc-
ture prediction. Over the years, the field has seen a trend towards machine learning and data-driven
approaches, leveraging the power of extensive data sets to learn complex patterns and relationships
within protein structures. This shift towards computational and data-centric methods reflects a
broader movement within bioinformatics, harnessing the capabilities of modern computational tools
to navigate the complexities of biological data. In the latest CASP14 competition, the top five ma-
chine learning-based methods attained an average top 1 GDT_TS score of 8.36 and an IDDT score
of 5.59, respectively. [123]
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Machine learning-based methods typically extract features from protein structures and sequences,
employing supervised learning to predict model quality. Examples include ProQ2, [124] which com-
bines structural and evolutionary information in a support vector machine, and ProQ3, [125] which
adds Rosetta energy terms to a similar approach. The advent of deep learning has further elevated
MQA methods. ProQ3D [126] and DeepQA [127] utilize high-level features from other methods, feed-
ing them into a multilayer perceptron. Variations of convolutional neural networks (CNNs), such
as 3DCNN [128] 129} [130] 131] and graph CNN, [132] [I33] have been employed to learn low-level
structural information. DeepAccNet [134] and QDeep [I35] represent further innovations, estimat-
ing per-residue accuracy and combining inter-residue distance with multiple sequence alignment

information, respectively.

QDeep

Typically, machine learning-based methods begin by extracting features, either from a sequence usu-
ally through multiple sequence alignment and/or from structural features. These extracted features
are then fed into the machine-learning model. The final output is generally a predicted MQA score,
which is used to select the best model. The workflow for the prediction process used in machine
learning methods is illustrated in Figure[2.3] Here. we use the method used by QDeep as an example.
QDeep is amongst of the top 5 machine learning-based method in CASP14 competition.

QDeep starts with generating a multiple sequence alignment (MSA), essential for predicting
inter-residue distances and other sequence-based features like secondary structure and solvent acces-
sibility. This framework then derives 23 features for each residue in a model, including distance-based
weighted histogram alignment, sequence versus structure consistency, and ROSETTA centroid en-
ergy terms. The feature later used as the input to be fed to the deep residual network (ResNet).
The architecture features stacked deep ResNet classifiers tailored to 1, 2, 4, and 8A error thresholds.
Each classifier within this network consists of 13 residual blocks, each containing three 1-dimensional
convolutional layers, with the output channels for these blocks set at 128, 256, and 512, respectively.
Following the residual blocks, an average pooling layer is employed to reduce the number of param-
eters, thus facilitating faster computation. This layer is followed by a flatten layer that transforms
the pooled feature map into a 1-dimensional vector, which is then input into the fully connected
(dense) layer. The final stage involves residue-level ensemble classifications and their combination
for model quality estimation. In QDeep, each of the four deep ResNet models acts as an indepen-
dent residue-specific error classifier. Their ensemble collectively assesses the structural quality of
a model. At each classifier’s output layer, the sigmoid activation function predicts the likelihood
of residue-level errors at 1, 2, 4, and 8A error thresholds, combining the ensemble of residue-level

classifiers using the QDeep score to evaluate the model’s quality.
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Figure 2.3: The flowchart of QDeep. Reproduced with permission from [I35]. Copyright 2020
Oxford University Press. (A) Multiple sequence alignment generation (B) Feature extraction (C)
deep learning model (D) Residue-level ensemble error classifications and prediction of MQA score

2.4.3 Problem of existing methods

The advancements in MQA have predominantly focused on extracting static structure information,
such as geometric, sequence, and energetic features. [I36] This approach, while providing valuable
insights, overlooks a fundamental aspect of proteins: their dynamic and flexible nature. Proteins
are not static entities; they undergo conformational changes influenced by environmental factors,
which are crucial for understanding their stability. These changes, occurring over various scales,
significantly impact the protein’s functional state. High-quality structures or accurate models are
often characterized by their ability to maintain stability, preserving their equilibrium shape under
varying conditions. Conversely, low-quality structures are more likely to exhibit significant deviations
and instability. [63] This correlation between structural deviation and model quality loss highlights
a critical gap in current MQA methodologies: the lack of consideration for the dynamic nature of
proteins. The static models used in these methods fail to capture the fluctuating conformational
states of proteins, leading to potential inaccuracies in stability predictions.

To address the limitations, a more dynamic approach is required. MD simulation techniques
present a promising solution. MD simulations can provide a detailed view of protein movements and
conformational changes over time, offering a more comprehensive understanding of protein stability.
The later sub-chapter will delve into the intricacies of MD simulations, discussing how they can
be effectively applied to enhance MQA. Furthermore, we introduce a novel method in Chapter [3]
that incorporates explicit dynamic information derived from protein stability studies. The proposed
method aims to bridge the gap in current MQA approaches by integrating dynamic stability data,

thus providing new useful information and realistic representation of protein behavior.
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2.5 Protein Stability Changes: prediction upon point muta-
tion

Transitioning from the protein stability field, we further extends our research to the protein stability
changes, particularly those resulting from point mutations. Point mutations significantly influence
protein behavior, affecting both structure and function. The section begins by contextualizing point
mutations within the broader landscape of protein stability changes. It then critically examines the
current state-of-the-art prediction methods, highlighting the challenges in accurately predicting the

effects of mutations.

2.5.1 Point mutation

Point mutations, involving single amino acid substitutions, are critical modifiers of protein stability
and function. These mutations can lead to significant changes in the protein’s structure, often result-
ing in altered biological activity. The implications of point mutations are far-reaching, as they are
associated with a wide array of diseases, including cancer, neurodegenerative disorders, and various
genetic conditions. [I37, 138, 139, 140] The study of these mutations is crucial for understanding
the molecular basis of these diseases and for developing targeted therapeutic interventions.

Experimentally, protein stability in the context of point mutations is often assessed by mea-
suring the folding free energy change (AAG). This measurement provides insights into how a
mutation affects the protein’s tendency to maintain its native conformation. However, experimental
approaches, while accurate, face several challenges. They are typically time-consuming, costly, and
require substantial amounts of pure protein, which may not always be feasible, especially for rare or
difficult-to-express proteins.

In response to these challenges, computational methods have gained prominence as a viable al-
ternative for predicting the AAG value of point mutations. These methods offer a faster, more
cost-effective means of assessing mutation impacts on protein stability. They leverage various com-
putational techniques, ranging from empirical and statistical models to machine learning algorithms,

to predict how a single amino acid change might alter the protein’s stability. [141] [142]

2.5.2 Related Work

Computational prediction methods for protein stability have evolved from mechanistic models to
advanced supervised learning techniques. [I43] These methods often use simplified models treating
protein structures as rigid, relying on statistical potentials or empirical energy functions for direct
prediction [144] [145] [T46] or as inputs for machine learning algorithms to estimate AAG values. Ma-
chine learning-based methods typically involve training algorithms on large data sets of known pro-

tein structures and their stability characteristics. These methods use a variety of features extracted
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from protein sequences, such as amino acid composition, physicochemical properties, and evolution-
ary information derived from multiple sequence alignments. [147), [T48], [149] 150, 1511, 152 153], 154]
Additionally, structural features like solvent accessibility, secondary structure elements, and inter-
residue contacts are also utilized. [155] 156, 157, 158, 53, 159, 160, 161]

Advanced techniques like deep learning have enabled the integration of these diverse data types,
leading to more accurate and robust predictions. Deep learning models, such as convolutional neu-
ral networks and recurrent neural networks, have been particularly effective in capturing complex
patterns in protein sequences and structures. These models can learn hierarchical feature repre-
sentations, which are crucial for understanding the intricate relationship between protein sequence,
structure, and stability. Ensemble methods, which combine predictions from multiple models, further
enhance the accuracy by leveraging the strengths of different algorithms and reducing the likelihood
of overfitting to specific data set characteristics. [162] [163] However, these ensemble methods of-
ten rely on the performance of machine learning-based methods or use supervised learning for the
ensembling. Thus, they can also be included as machine learning-based methods.

Another approach, the rigorous approach, involves explicit calculations of protein structure and
energetics, such as free energy calculations based on molecular dynamics simulations or Monte Carlo
simulations. This approach provides a detailed understanding of the underlying mechanisms of pro-
tein stability and can capture the effects of nonlocal interactions and context-dependent effects of
mutations. [164) [165] Alchemical free energy calculations based on molecular dynamics simulations
are a rigorous method that is widely used to calculate the relative free energy differences between
related molecular systems. [92] This method is particularly useful for studying small localized per-
turbations in molecular systems, such as point mutations or different protonation states of a ligand.
It can provide valuable insights into the energetic and structural changes that occur during a trans-
formation, allowing for the identification of key interactions and residues that contribute to the
overall stability. Alchemical methods involve transforming one amino acid residue into another (i.e.,
from wild to mutant variants) while keeping the rest of the system unchanged. The free energy
difference between the two states then can be computed by using MD simulations and statistical
mechanics, providing a quantitative measure of the effect of a mutation on protein stability. Numer-
ous studies have demonstrated the consistency between the predicted effects of mutations obtained
from alchemical methods and experimental results in various fields. [166] 167, [I68]. One of examples
is free energy perturbation plus (FEP+), a commercial software initially designed for protein-ligand
interaction predictions, has also been adapted for protein stability prediction upon point mutation.
[169] They used increasingly multiple longer peptides with native sequences and conformations as

the unfolded mutant structure representation which caused inconsistency in their performance.
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pmx

De Groot et al. were one of the first to investigate the effect of mutations on protein folding AAG
using alchemical methods [92], 170l I71]. They developed the pmz package, which automates the
generation of hybrid protein structures and topologies by utilizing force field-specific pregenerated
mutation libraries. The group also suggested a double-system/single-box approach that involves
two protein systems within a single simulation box to preserve the overall charge of the system
while undergoing alchemical transformation [I70} [I72]. For the free energy difference calculation,
they applied a fast-growth thermodynamic approach with Crooks Fluctuation Theorem [I73] using
the maximum likelihood estimator. While their performance validations revealed larger fluctuations
around the expected outcome value for charge-changing mutations compared to charge-conserving
mutations [I70]. The group later also performed a large-scale mutation scan of 143 unique mutations
in barnase and S. nuclease [I74]. Despite showing good mean unsigned error for conserving mutation,

the results were significantly worse for charge-mutation cases.

2.5.3 Problem of Existing Methods

Despite majorly being utilized and becoming state-of-the-art, machine learning-based methods have
not shown significant improvement over the past decade. Recent reviews suggest that the upper limit
of prediction accuracy, around 1 kcal/mol, has nearly been reached. [I75] [75] Even with additional
experimental data, substantial improvements in performance are unlikely. Contrary to this theo-
retical upper limit, current machine learning methods still demonstrate relatively low performance,
especially when tested on challenging data sets like frataxin and p53, with high prediction errors
and no notable improvements. [I54] This may stem from a heavy reliance on training data sets bi-
ased towards neutral mutations and principally were trained using local, static protein information.
Sequence-based predictors fail to capture structural change effects, while structure-based predictors
often overlook mutant structure information, focusing only on local aspects like neighboring residues
of wild-type structure information.

Rigorous approaches, such as molecular dynamics simulations-based methods, can address these
limitations by considering global and dynamic effects of mutations. However, these methods are
computationally intensive and requiring both wild-type and mutant structures. Nevertheless, ad-
vances in computing power and GPU parallelization have significantly improved the efficiency and
accuracy of these rigorous free energy calculation methods. [176, 177, [I78] The advent of accurate
3D structure prediction models like AlphaFold2 [104] has enabled the generation of high-quality
protein structure models, comparable to experimental data, useful when structural information is
unavailable.

Current alchemical methods often use simplified models like capped n-peptides, for instance, the

pmz package employs glycine-capped tripeptides to represent mutant structures. [179, [180] While
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it showed good performance in conserving mutations, their effectiveness in charge-changing muta-
tion cases is limited. This is because charge-changing mutations can significantly impact protein
stability by altering electrostatic interactions, hydrogen bonding networks, and solvation effects.
These effects may be challenging for simplified peptide models to accurately capture, as they do
not fully represent the native environment of full-length proteins. Additionally, the determination
of the peptide number can often be arbitrary. To address this issue, it might be necessary to incor-
porate the whole structure information on the mutant to enhance the prediction of charge-changing
mutations. While AlphaFold2 offers the potential to predict mutant structures, it typically outputs
these structures in a folded state. Conversely, alchemical methods necessitate the mutant structure
to be presented in an unfolded state. Some studies also suggest that AlphaFold2 may not accurately
predict the impact of point mutations on the mutant structure because it relies on existing structures
in the PDB database rather than the underlying principles governing protein folding. [I8T] [182] To
overcome this limitation, Buel and Walters suggest integrating AlphaFold2 with current and future
developments in molecular dynamics simulations for protein structure. [I81] Recent findings also
suggest that AlphaFold2-predicted structures provide valuable information about protein dynamics,
comparable to results from molecular dynamics simulations. [I83] Thus, further extension might
reveal the hidden potential of the AlphaFold2 structure. One possibility is unfolding the predicted
structure through MD simulation.

To address the limitations, we propose a novel workflow of an alchemical free-energy calculation
method based on pmz and utilizing AlphaFold2-predicted structure. The proposed method can han-
dle charge-changing mutation cases and improve the accuracy. We directly compare the performance
of this method with existing state-of-the-art methods on challenging data sets: frataxin and p53.
The comprehensive details of this approach, including its methodology and comparative analysis,

are elaborated in Chapter
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Chapter 3

Protein stability information for
protein model quality assessment

Protein model quality assessment (MQA) is the process of evaluating the accuracy and reliability of
computationally predicted protein structures, ensuring they align with actual biological structures
and functional characteristics. Existing methods in MQA research predominantly focus on static
structural features, such as geometric, sequence, and energetic attributes. However, this approach
overlooks the dynamic nature of proteins, which is crucial for a comprehensive understanding of
their stability and function. Proteins are inherently dynamic entities, undergoing conformational
changes influenced by various environmental factors. These dynamic changes play a critical role
in determining the quality of protein models. Recognizing this gap in existing MQA methods,
this chapter introduces a novel approach for estimating the quality of protein models by leveraging
structural stability information derived from MD simulations.

Central to this approach are three key protein stability features: the root-mean-square deviation
(RMSD), the fraction of secondary structure, and the fraction of native contacts relative to the
initial structure. The main hypothesis of this method is that the quality of a predicted protein
structure is intrinsically linked to its stability in silico systems, as evidenced by its deviation from
the original structure. Insights gleaned from structural stability are proposed to introduce new and
useful information and enhance the accuracy of MQA. This approach is particularly advantageous
in scenarios where comprehensive training data or sequence homology is lacking, offering a more
accurate and realistic representation of protein behavior. By employing a basic feature set extracted
from standardized MD simulations, this methodology demonstrates efficacy comparable to more
advanced methods that rely on extensive CASP data sets and complex deep learning architectures.

The novel contribution of this chapter lies in its pioneering integration of protein structural sta-
bility information into the field of MQA tasks. This integration represents a significant advancement
in the field, offering a new perspective and methodology for assessing the quality of protein models.

It paves the way for more accurate predictions in protein structure analysis, particularly in cases
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where existing methods fall short, and is designed to be accessible to researchers who may not have

extensive experience with MD simulations.

3.1 DMaterials and methods

The proposed method consists of three steps: protein trajectory generation through MD simulation,

feature extraction, and best model selection (Figure [3.1)).

3.1.1 Data sets

CASP data sets are one of the standard benchmark data sets broadly used to evaluate MQA method
performance. [I84] The data sets are updated every 2 years and can be accessed through the CASP
website https://predictioncenter.org/download_area/. A single CASP data set contains nu-
merous protein pools. Each pool consists of multiple predicted structure models from different
structure prediction methods (Figure ) MQA methods generally train and evaluate using mul-
tiple CASP data sets, including ten to a hundred thousand predicted structures. However, due to
the different approaches of our method and the computational cost limitation of MD simulation, we
only chose sample pools from a single CASP. In this work, we selected the test data from QDeep,
which consisted of 20 protein pools with various protein sizes from CASP13 stage 2. Each pool here

contains 150 predicted models, except for T0951, with 149 models.

3.1.2 Molecular dynamics simulation

MD simulation requires protein structure information as the input. This information is provided by
the predicted structures in the CASP data set. On the other hand, knowledge about the protein
environment is rarely available. [I29] To compensate for such limitations, we make the simulation
parameters and environment uniform by following the relatively simple setup described by Lemkul,
J., which solvates the proteins in a cubic box filled with water molecules and added ions. [I85] Protein
folding simulations typically require long simulation times that range from tens to hundreds of
nanoseconds (ns) for the conformational space searches. [I86] Here, we perform a relatively short 1 ns
simulation. MD simulation is commonly performed at room temperature of 300 K. A previous study
shows that helical proteins in explicit water tend to destabilize faster within the same timeframe
while being simulated at higher temperatures. [I87] Thus, we use a higher temperature of 500 K to
speed up the stabilization effect, allowing us to get such information in short simulations (Table .
We then perform post-processing in the final step by removing the periodic boundary condition
after centering the protein molecule to avoid boundary effect problems. The MD simulation is
implemented using GROMACS version 2019.4. [I76] The final output of the simulation is protein
trajectories containing raw information, including structural and positional changes of the protein

over time. To validate the simulation results, we calculate the RMSD value of the final to the initial
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Figure 3.1: Schematic diagram of the proposed method: (A) model pool generation by structure
prediction methods, (B) protein trajectory generation through MD simulation, (C) feature extrac-
tion, and (D) best model selection with GDT_TS values as an example.
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Table 3.1: Chosen parameters for the MD Simulation

Parameter Value
force field OPLS/LA ( [189])
water model SPC/E ( [190])
ions Na (+), CL (-)
temperature 500 K

energy minimization steepest descent

structure with the threshold of 2.5 A. [I88] A simulation is marked as invalid if the RMSD value of
the final trajectory to the initial structure is larger than 2.5 A. This is to ensure that there are no
unrealistic movements during the simulation as a result of drastic structure changes or clashes. The

final output of the MD simulation is the protein trajectory required for the feature extraction step

(Figure 3.1B).
3.1.3 Feature extraction

Our method suggests that protein structure stability in an in silico system might indicate structural
quality. To incorporate such structure stability information, we define features extracted from the
protein trajectories. The results of previous work [191] [192] reveal that the RMSD and fraction
of native contacts to the initial structure are useful to monitor structure stability. We also define
new stability information: the fraction of the secondary structure to the initial structure. These
three types of structural change information are extracted from the MD trajectories and defined as
features (Figure ). The feature extraction step is implemented using the MDTraj library. [193]
These features are later used as the input for the best model selection method. In the pilot phase of
this work, we also calculated other potential features from the MD trajectories, such as the radius of
gyration and solvent accessibility surface area. However, these features did not significantly correlate

to the structure quality.

3.1.3.1 Root-mean-square deviation

RMSD is an evaluation metric to measure structural similarity by calculating the average distance
of the selected atoms between a trajectory of structures to one reference state. The reference is often
defined as the initial structure of the trajectory. This can provide insight into the overall structure
movement from the initial structure. Stable RMSD values can measure structural stability and
conformational convergence. Low-quality models hypothetically have unstable structures with more
significant atom position deviations than the initial structure. In contrast, high-quality predicted
models ideally have lower RMSD values. For the featurization, we calculate the RMSD value of the
last trajectory to the initial structure for heavy atoms and then apply a cutoff at 1 A. Any RMSD
value above 1 A is set to 1 A. As the final step, we invert the RMSD values as 1 — RMSD. Thus,
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from this featurization, the best model is selected based on the highest feature value. The RMSD

for heavy atoms is computed as follows:

N
. 1 2
RMSD = min ¥ ; (dheavy.i — dheavyreti) s 1 A (3.1)

where N is the number of heavy atoms, dpequvy,; i the position of the i-th heavy atom in the last
trajectory frame, and dpequyrefs 1S its position in the reference (initial) structure. The inverted

RMSD value, accounting for the 1 A cutoff, is calculated as:

Inverted RMSD =1 — RMSD (3.2)

3.1.3.2 Fraction of secondary structure changes

The protein stability can be examined through the secondary structure-type changes among confor-
mational-state transitions. For example, unstable structures might have numerous secondary-type
changes between a trajectory state and the initial structure. Conversely, stable structures tend to
maintain their secondary structure type. To represent this information as a feature, we define the

fraction of secondary structures as follows:

SS(X) = L —e) (3.3)

where X is a conformation state, n is the total number of residues, and c is a 1 X n binary matrix,
where the value of 1 represents a residue whose secondary structure type remains unchanged com-
pared to the initial structure. Each residue is assessed independently for secondary structure type
changes. The secondary structure types are determined using the DSSP program, adhering to its
standard classification criteria for eight structure types. [194] The binary matrix ¢* is computed
for each conformation state X in the trajectory, and c° represents the initial structure. A higher
fraction value of SS(X) indicates a greater stability in secondary structure, with high-quality models
typically exhibiting minimal changes from the initial structure. This fraction is calculated for the

comparison between the last trajectory frame and the initial structure.
3.1.3.3 Fraction of native contacts

The results of previous work have revealed that the fraction of native contacts is useful for monitoring
structure stability alongside RMSD. [191] Hence, we apply this information as an additional feature.
Native contacts, formed during the transition between two conformational states, reflect the stability
of proteins in the presence of denaturants. This feature is computed according to the following

definition: [195]
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where X is a conformational state, r;;(X) represents the distance between heavy atoms ¢ and j in
conformation X, and r?j is the corresponding distance in the native-state conformation. The set
S includes all pairs of heavy atoms (i, j) from residues 6; and ¢; such that |6, — 6;| > 3 and the
distance in the native state r?j < 4.5 A. The parameter 3 is set to 5 A1, indicating the steepness
of the contact function. The final structural conformation X of the last trajectory is used for
this calculation. A higher value of N(X) indicates greater structural stability. Similar to previous

features, the best model is selected as the one with the highest value of this feature.

3.1.4 Best model selection

As mentioned in each feature definition, high-quality models hypothetically have a stable structure.
Stable structures ideally have low atom position deviation, less secondary structure-type changes,
and high native heavy atom contacts to their initial structure. These are represented by the inverted
RMSD, a fraction of secondary structure changes, and a fraction of native contacts, respectively.

Thus, the best model in a prediction pool is the model with the highest feature value, defined as:

Best model(T) = arg miéx (x(My)) (3.5)

where T is the selected pool of models, n is the total number of models in the pool, = is the
selected feature of a model M, and ¢ represents the index of a model within the pool. We later also
investigate the model selection results from the combination of the features in chapter [3.2.2] The

features are combined by simple addition, and the best model is selected based on the highest value

(Figure [3.1D).
3.1.5 Evaluation method

The quality of the predicted structure model is quantified using global distance test total scores
(GDT._TS). GDT_TS is an accuracy-like score that indicates the structure similarity between the
predicted models and the native structure [I96]. We evaluate the performance of MQA methods by
calculating the GDT_TS loss, that is, the difference between true GDT_TS of the model selected by
the MQA methods and GDT_TS of the best/most accurate model in a protein pool (Figure . A
lower loss indicates better performance. This evaluation method measures the ability of the MQA

methods to find the best model in protein pools.
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Figure 3.2: Illustration for GDT_TS loss. MQA methods generally select the best model using
certain scoring methods.

3.2 Results
3.2.1 Simulation results

During the energy minimization step, not all prediction models from the HMSCraper-refiner group
could be simulated due to the incompleteness/missing atoms. Thus, we excluded models from this
group in all pools except for T1016 since it does not contain prediction models from the group.
Additionally, a few different prediction models from other groups could not be simulated due to the
occurrence of overlapping atoms. Only a small percentage of unsuccessful simulations in each pool
(excluding prediction from the HMSCraper-refiner group) were found. Theoretically, a larger protein
size tends to have higher difficulty in the simulation. This is found in the increasing percentage of
unsuccessful simulations on larger proteins, particularly when the number of residues is > 300
(Table . The results also show that our proposed MD simulation setup is effective for all pools
with an average simulation success rate larger than 90%. Since the ratio of unsuccessful simulations is
less than 10%, we omit these data from the simulation results. In addition, the simulation validation
results show that 7 of 20 pools contain invalid simulations (RMSD > 2.5 A) with the ratio relative to
the number of successful simulations that is smaller than 10% (Table [3.3). Since the ratio of invalid

simulations is less than 10%, we also exclude them from the simulation results.
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Table 3.2: The percentage of successful simulation in each protein pool excluding prediction models
from HMSCraper-refiner group

Pool Name Number of Residues = Successful Simulation (%)

T0955 41 99.33
T0953s1 72 100.00
T0958 7 100.00
T1008 7 100.00
T0968s2 115 97.24
T0968s1 118 97.96
T0957s2 158 99.32
T0957s1 162 100.00
T1016 202 100.00
T0953s2 248 95.17
T0951 266 100.00
T1005 326 95.21
T0950 342 91.78
T0954 342 97.24
T0963 364 89.66
T0960 374 93.79
T1003 434 97.95
T1011 444 93.10
T0966 492 91.10
T1009 718 93.10

Average 96.60

Table 3.3: The percentage of invalid simulation in each corresponding pool

Pool Name Number of Residues Invalid Simulation (%)

T0968s1 118 4.47
T0957s1 162 2.89
T0953s2 248 1.36
T0950 342 9.62
T0963 364 8.46
T0960 374 2.77
T1011 444 2.27

Average 4.55
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Table 3.4: Performance of each singular feature and feature combination measured by Top 1 model
GDT_TS loss and number of actual best model successfully selected. The successfully selected actual
best model in a pool is represented by zero value

Pool Name RMSD SS Native RMSD and RMSD and SS and All GDT_TS of
Contacts SS Native Native Combined Actual Best

Contacts Contacts Model
T0950 0.053 0.129 0.165 0.053 0.053 0 0.053 0.385
T0951 0.032 0.032 0.015 0.032 0.032 0.032 0.032 0.943
T0953s1 0.205 0.067 0.078 0.067 0.078 0.067 0.067 0.489
T0953s2 0.261 0.290 0.443 0.261 0.261 0.443 0.261 0.631
T0954 0.025 0.125 0.022 0.025 0 0.022 0 0.699
T0955 0.043 0.122 0.031 0.122 0.031 0.122 0.031 0.951
T0957s1 0.051 0.109 0.118 0.051 0.051 0.118 0.051 0.544
T0957s2 0.174 0.310 0.019 0.310 0.108 0.310 0.310 0.610
T0958 0.133 0.045 0.325 0.325 0.325 0.325 0.325 0.740
T0960 0.109 0.102 0.023 0.102 0.109 0.023 0.102 0.484
T0963 0.113 0.040 0.226 0.186 0.113 0.137 0.186 0.516
T0966 0.049 0.054 0.007 0.001 0.049 0.007 0.001 0.611
T0968s1 0.305 0.222 0.047 0.222 0.047 0.047 0.047 0.667
T0968s2 0.180 0 0.122 0 0.122 0 0 0.713
T1003 0.054 0.047 0.001 0.047 0.047 0.001 0.047 0.895
T1005 0.063 0.137 0 0.063 0.063 0.059 0.063 0.558
T1008 0.179 0.484 0.179 0.179 0.179 0.179 0.179 0.870
T1009 0.016 0.017 0.022 0.053 0.053 0.017 0.053 0.673
T1011 0.055 0.105 0.043 0.055 0.055 0.043 0.055 0.686
T1016 0.030 0.031 0.022 0.030 0.030 0.014 0.014 0.816
Average 0.107 0.123 0.095 0.109 0.090 0.098 0.094 0.674
Actual Best 0 1 1 1 1 2 2

Model Selected:

3.2.2 Feature combination

The best model in each pool is selected based on the highest feature values. In the experiment,
we evaluate the performance of each singular feature and all possible feature combinations. The
results show that combining all three proposed features led to the best performance according to
the average top 1 GDT_TS loss and the number of actual best models in each pool (Table .
Even though the combination between RMSD and native contacts features results in a slightly lower
average GDT_TS loss, the difference is only 0.004, and it only successfully selected the actual best
model in one pool, while the combination of all the three features selected two actual best models
in two pools. Thus, the combination of all of the three features is selected as the main proposed

method.

3.2.3 Performance at different simulation times and temperatures

Performing simulation at unusually high temperatures like 500 K might be harmful to the protein
structure stability even for high-quality models. However, this also might accelerate the destabi-
lization effect in shorter simulation length and could reduce the computational cost. To confirm
this effect, we perform additional MD simulations at lower temperatures of 300K and 400 K. We
then compare the performance results at different temperatures and simulation lengths. The results
show that simulation at unusually high temperature and shorter length fastened the destabilization

effect as the 500 K and 0.5 ns simulation achieved the best performance with the lowest average
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Table 3.5: The top 1 GDT_TS loss performance in all pools on different temperatures and simulation
length pairs

Pool Name 300K 300K 400K 400K 500K 500K GDT_TS of
(0.5ns) (lns) (0.5ns) (1ns) (0.5ms) (I1ns) Actual Best Model

T0950 0.174 0.053 0.243 0.236 0.246  0.053 0.385
T0951 0.010 0.007 0.013 0.015 0.008 0.032 0.943
T0953s1 0.052  0.205 0.239 0.168 0.067  0.067 0.489
T0953s2 0.165 0.068 0.358 0.216 0.358  0.261 0.631
T0954 0.031 0 0.112 0.025 0 0 0.699
T0955 0.024 0.024 0.006 0.031 0.043 0.031 0.951
T0957s1 0.051  0.051 0.225 0.192 0 0.051 0.544
T0957s2 0.261 0.261 0.316 0.316 0.019 0.310 0.610
T0958 0.325 0325 0338 0.338 0.127  0.325 0.740
T0960 0.0v8 0.102 0.109 0.109 0.102  0.102 0.484
T0963 0.186 0.186 0.121 0.129 0.121 0.186 0.516
T0966 0.056 0 0 0.050  0.098  0.001 0.611
T0968s1 0.186  0.273  0.057  0.057  0.057  0.047 0.667
T0968s2 0 0 0.091  0.091 0 0 0.713
T1003 0.076  0.006  0.047 0.047 0.047  0.047 0.895
T1005 0.044 0.087 0.048 0.048 0.063 0.063 0.558
T1008 0.471  0.110 0.068 0.188 0.179  0.179 0.870
T1009 0.046  0.017  0.046 0 0.016  0.053 0.673
T1011 0.046 0.098 0.098 0.098 0.105 0.055 0.686
T1016 0 0.021  0.048 0.011 0.005  0.014 0.816
Average 0.114 0.095 0.129 0.118 0.083  0.094 0.674
Actual Best 2 3 1 1 3 2

Model Selected:

top 1 GDT_TS loss and the highest number of the actual selected best model (Table . However,
both results of 400 K simulations show worse performance than 300K simulation within the same
simulation length. This might be because the temperature difference is not sufficiently high enough
and thus the performance did not significantly change. The best performance results from 500 K

and 0.5 ns simulation then are taken as the main results for the proposed method.

3.2.4 Performance evaluation

For this scenario, we compare the main results of the proposed method with the results from QDeep.
The proposed method shows comparable performance to QDeep, where it achieved a lower average
top 1 GDT_TS loss with 0.008 difference (Table . The individual pool results also show compa-
rable performance, where the method achieves eight successes, four draws, and eight fails. In several
pools, our method significantly outperforms QDeep. For instance, in T1008, our method attains a
GDT_TS loss of 0.110, while QDeep achieves a poor performance of 0.455. This comes from the
disadvantage of using the MSA feature-based method, including QDeep, where the alignment depth
of the MSA forT1008 is zero with no identifiable homologous sequences [135]. Our method does not
rely on such information since the features are acquired solely from the protein structural informa-

tion. The results also show that our proposed method successfully selected the actual best model
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Table 3.6: Top 1 Model GDT_TS loss comparison between our proposed method and QDeep on the
CASP13 Stage 2 data set®

Pool Name Baseline Proposed QDeep GDT_TS of Actual Best Model

T0950 0.215 0.246 0.030 0.385
T0951 0.167 0.008 0.057 0.943
T0953s1 0.171 0.067 0.041 0.489
T0953s2 0.267 0.358 0.028 0.631
T0954 0.239 0 0 0.699
T0955 0.308 0.043 0.171 0.951
T0957s1 0.259 0 0.151 0.544
T0957s2 0.267 0.019 0.261 0.610
T0958 0.253 0.127 0.133 0.740
T0960 0.101 0.102 0.078 0.484
T0963 0.124 0.121 0.121 0.516
T0966 0.171 0.098 0.006 0.611
T0968s1 0.323 0.057 0.057 0.667
T0968s2 0.387 0 0.130 0.713
T1003 0.110 0.047 0.047 0.895
T1005 0.154 0.063 0 0.558
T1008 0.449 0.179 0.455 0.870
T1009 0.140 0.016 0.003 0.673
T1011 0.171 0.105 0.043 0.686
T1016 0.055 0.005 0.014 0.816
Average 0.217 0.083 0.091 0.674

@ The underlined marks indicate that the baseline method performs better than the proposed method. The bold
marks indicate that our proposed method achieves better/draw performance than QDeep.

with zero GDT_TS loss in three pools (T0954, T0957s1, and T0968s2) while QDeep was successfully
selected in two pools (T0954 and T1005). To compare the performance of our method to random
selection, we add the GDT_TS loss of the baseline method, which is the average GDT_TS of each
pool. It is shown that our method achieves significantly superior overall performance. However, in
T0950, T0953s1, and T0960, our method shows worse performance than the baseline method. In
addition, we computed the Wilcoxon signed-rank test with o = 0.05 between the proposed versus
baseline method and the proposed method versus QDeep results. The statistical test results between
the proposed versus baseline method reject the null hypothesis with p-value = 0.0001, which means
that the proposed method is significantly different from random selection. On the other hand, the
test results of the proposed method versus QDeep fail to reject the null hypothesis with p-value =

0.87. This means that the proposed method achieves comparable performance with QDeep.

3.3 Discussion

This work shows the possibility and potential application of using protein stability information to
estimate the quality of a protein model. This information is derived from the structural change
information over time obtained through MD simulation. We propose three features representing

the protein stability information: rmsd, a fraction of the secondary structure, and a fraction of
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native contact information to the initial structure. Thus far, no previous MQA method has utilized
the stability information explicitly. Our approach does not use any additional predictive features
or evolutionary information, such as the predicted secondary structure or sequence profiles from
multiple sequence alignment homologues. Furthermore, our method does not rely heavily on machine
learning methods that require training on tens to hundreds of thousands of models, that is, training

on multiple CASP data sets.

3.3.1 Quality of unsuccessful and invalid simulated structures

Our method requires protein trajectory information in the first step by conducting MD simulation.
A small percentage of the models could not be simulated successfully and was omitted from the
simulation results. However, the omission might discard the top models in each pool related to the
selection of the best model in each pool. Hypothetically, poor-quality models and/or models with
structure incompleteness are the main causes of unsuccessful simulations; thus, the omission will not
discard good-quality models. To prove this hypothesis, we compare the model quality distribution
between successful and unsuccessful data (Figure . It is shown that the omission of unsuccessful
simulation data “filters” the low-quality models from each pool, especially for low-size proteins. This
is plausible because low-quality models typically have structural problems as mentioned above and
are found in the omitted models.

Running MD simulation under extreme physical conditions like high temperature might cause
drastic structural deviation even in a short simulation. We further investigate whether invalid
simulations are coming from low-quality models in the pools. The results show that all these invalid
simulations are found in pools with no high-quality models (GDT_-TS 80) and models with lower
quality relative to other models in the same pool, except for T0960 and T0963 (Figure . They
also have a larger percentage of invalid simulations compared to the other five pools. This is because
these two models did not contain any outstanding prediction models, as the GDT_TS score ranged
between 30 and 50 s, unlike other pools with larger ranges. Nevertheless, none of the actual highest

quality models in these two pools were marked as invalid simulations.

3.3.2 Case study

The poor performance in the T1008 pool induced the huge disadvantage of QDeep when there
were no identifiable homologous sequences. Correspondingly, our method achieves significantly poor
performance compared to QDeep with the difference of GDT_TS loss larger than 0.1 in T0950 and
T0953s2. Our method suggests that the structural stability might indicate the quality of the model,
which is represented by the feature values. When there are no high-quality models in a pool, it
is more difficult for our method to select and distinguish between bad- and good-quality models

since there is no significant feature value difference between them. This is found in two pools where
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Figure 3.4: GDT_TS distribution between successful (blue) and invalid (orange) simulation of pools
containing invalid simulations sorted from smallest to largest protein size (left to right)

55



10

0.8

0.6

GDT TS

04

02

0.0 T r
To950 T0953s2

pool name

Figure 3.5: GDT_TS distribution pools where the proposed method shows significant worse perfor-
mance than QDeep

the proposed method shows significantly worse performance than QDeep, and none of the pools
has high-quality models (Figure . On further inspection, we find consistent results with our
hypothesis, where the proposed feature values can select the best model in the successful cases if
high-quality models (GDT_TS 70) are available in pools (Figure [3.6). This is also found in the
comparison between the proposed feature value and the GDT_TS of the actual best model. Thus, our
method has a major advantage when there are high-quality models in the prediction pools as found
in T0951, T0955, T1003, T1008, and T1016. This is more useful and applicable for real applications,
where selecting the best, high-quality models is the primary goal. Interestingly, the successful cases
are also found in the pools where high-quality models are not available such as in T0957s1 and
T0957s2. We then investigate further by comparing the best model between the two successful
cases with the failed cases whose GDT_TS is larger than 50. In protein MQA, the GDT_TS value
of larger than 50 often indicates that the majority of secondary structure composition is correctly
predicted. We observed that the actual best model’s structure in the two successful pools exhibits
fewer random and extensive terminal coils compared to those in the five losing cases (Figure .
All structures in the losing cases have a loop/coil region percentage exceeding one-third (33.33%)
of their total structure, whereas in the successful cases, the loop region percentage remains below
one-quarter (25%). This discrepancy likely impacts the method’s performance in losing cases, as the
proposed features — rmsd and the fraction of secondary structure — are sensitive to the fluctuation
bias originating from these coil regions.

Additionally, we also investigate each feature value between low- and high-quality models. A
high-quality model should have lower and stable fluctuations over time. We took the T0951 pool
as an example since this pool contains a large number of high-quality models and also low-quality

models. FEach singular feature value between the actual best and worst model in the T0951 pool
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Figure 3.7: The 3D structure and GDT_TS of the selected best models by the proposed method
in successful (left) and failed (right) cases where the actual highest GDT_TS is higher than 50.
The alpha helix and beta sheet structures are depicted in red and yellow, respectively, while loop
structures are illustrated in green. The values presented within the brackets represent the normalized
GDT_TS and the corresponding percentage of loop/coil region
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Table 3.7: The average top 1 GDT_TS loss performance in all pools using different weight ratios

RMSD : SS : Native Contacts
Ratios 1:1:2 1:1:3 1:2:1 1:2:2 1:2:3 1:3:1 1:3:2 1:3:3
Average | 0.110 0.110 0.093 0.083 0.105 0.096 0.084 0.084

RMSD : SS : Native Contacts
Ratios 2:1:1  2:1:2 2:1:3 2:2:1 2:2:3 2:3:1 2:3:2 2:3:3
Average | 0.101 0.122 0.130 0.090 0.106 0.090 0.096 0.089

RMSD : SS : Native Contacts
Ratios 3:1:1  3:1:2 3:1:3 3:2:1 3:2:2 3:2:3 3:3:1 3:3:2
Average | 0.109 0.129 0.129 0.101 0.099 0.120 0.093 0.090

RMSD : SS : Native Contacts
Ratios 1:1:1 (proposed)
Average 0.083

shows a significant feature value change over time (Figure [3.8)).

3.3.3 Feature weight ratio

Each feature might have more contributions than the others. To examine this, we define the weights

for the features as follows:

(3.6)

Best model(T) = arg max <Z]1 i 2 ))

Z;nzl wj

where T is the selected pool of models, n is the total number of models in the pool, m is the
number of features, ;(M;) is the value of the j-th feature for model M;, w; is the weight of the j-th
feature, and the sums run over all m features. Using various weight ratio combinations, the currently
proposed method with balanced weight ratios achieves the best performance with the lowest average
top 1 GDT_TS loss (Table . Our proposed method feature combination is already appropriate
for the best model selection. The weight optimization itself might be contrary to the advantages of
the proposed method that does not require any training or optimization steps, making the method

data set-dependent.

3.3.4 Simulation at higher temperature

We also further explored simulations under more extreme conditions at a significantly higher tem-
perature of 600K. This exploration was motivated by observations from previous simulations, which
indicated that operating at higher temperatures, such as 500K, could significantly accelerate the

destabilization effect within a shorter simulation time frame, thereby offering potential reductions in
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computational costs and further validating whether an extended simulation time influences perfor-
mance. Given the main results at 500K, we hypothesized that increasing the simulation temperature
to 600K might enhance these effects, potentially leading to even more rapid and pronounced destabi-
lization phenomena. Such conditions are not typically employed due to concerns over the structural
integrity of proteins. However, they may offer unique insights into the dynamics of protein stability
under stress conditions.

As demonstrated in Figure the average top 1 GDT_TS loss performance is worse at 600K
for both tested simulation times of 0.5 and 1 ns compared with the best results of 500K at 0.5 ns.
This deterioration in performance may be attributable to the excessively high temperature causing
structures consisting mostly of coil regions to have larger fluctuations in stability features, and subse-
quently flattening the RMSD feature, making it less informative. The absence of informative RMSD
feature poses greater challenges for our proposed method in selecting the best model. While higher
temperatures can destabilize structures more rapidly, and well-constructed models are expected to
be more resistant, excessively high temperatures might be too excessive. We observed that simula-
tions at 0.5 and 1 ns deliver similar performance, suggesting that shorter simulation times are not

only more cost-effective but also do not significantly affect performance.

3.3.5 Performance at each time frames

In an effort to optimize computational efficiency without compromising the accuracy of protein
stability predictions, we explored the performance of molecular dynamics simulations conducted
over different time frames. Specifically, simulations were executed for lengths of 100 ps, 200 ps,

300 ps, 400 ps, 500 ps (0.5 ns), 600 ps, 700 ps, 800 ps, 900 ps, and 1000 ps (1 ns) at varying
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Figure 3.10: The performance at shorter simulation length and different temperatures

temperatures of 300 K, 400 K, 500 K, and 600 K. This investigation aimed to determine whether
shorter simulations could yield comparable or superior results to longer simulations, thereby reducing
the computational resources required for accurate model quality assessments.

The comparative analysis focused on simulations conducted at 0.5 ns and 500 K versus those
extended to 1 ns, with the anticipation that shorter simulations might exhibit similar or enhanced
performance metrics. The results, as illustrated in Figure indicate that the optimal outcomes
were consistently achieved with the 0.5 ns simulations at 500 K. This observation suggests a critical
balance between simulation length and temperature in capturing the dynamic stability features of
proteins where performance after 0.5 ns at all temperatures did not fluctuate significantly.

A notable observation from this study was the fluctuation of stability features within the initial
200/300 ps of the simulations, as depicted in Figure These fluctuations suggest that the early
phase of the simulation is characterized by significant conformational exploration, which may impact
the reliability of stability predictions derived from shorter simulations. Despite the initial instability
and larger features fluctuation, the 0.5 ns simulations at 500 K eventually converge towards a more
stable representation of the protein’s native state, underscoring the importance of allowing sufficient
time for the system to equilibrate.

The findings underscore the complexity of balancing simulation length and temperature to achieve
accurate protein stability predictions. While shorter simulations offer the allure of reduced compu-
tational demand, our results affirm that a minimum simulation length of 0.5 ns at elevated temper-
atures is critical for capturing the nuanced dynamics of protein folding and stability. This insight
is instrumental in guiding the design of future molecular dynamics studies aimed at efficient and

accurate prediction of protein behavior.
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3.3.6 Computing time for model quality assessment

The proposed method uses an MD simulation, and thus, it needs more computing resources than
machine learning-based MQA methods, whose running time is generally less than a minute. In
this research, we used 1 NVIDIA Tesla V100 SMX2 GPU for the MD simulation, and the running
times of the proposed method generally ranged between 1000 to 3000 s (Figure 3.11)). The running
time slightly depends on the protein size, but each pool has a different running time although the
proposed method employs uniform MD simulation parameters for all models. Especially, there were
some outliers represented by extremely long running time. We found that extremely long running
times were mainly caused by the unusual structures. For instance, the prediction model MUFold_-
server_T'S4 in T1003, whose running time was the longest, had long coil terminals (Figure .
The long coil terminals caused larger energy minimization, and the simulation system became much
larger than the others. Thus, to reduce the computing cost, we may need to remove such regions
before applying the proposed method.

Furthermore, the previous work shows that a systematic MD simulation study of temperature
dependency requires numerous temperature parameters that run on ten to hundreds of nanosecond
simulations. [I97] This becomes the limitation of our proposed method since such experiments de-
mand huge computational resources and time. Despite the fact that the current temperature and
simulation length parameters have shown promising results, further systematic studies using dif-
ferent simulation conditions might be necessary to re-evaluate and improve the performance of the

methodology.
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Figure 3.12: 3D structure of prediction models that has longest MD simulation running time. Top:
MUFold _server_TS4 prediction model in T1003 pool. Bottom: Seok-assembly_TS2 prediction model
in T0960 pool

3.4 Summary

In this chapter, we introduced a novel approach for model quality estimation, utilizing explicit
protein structure stability information derived from Molecular Dynamics (MD) simulations. Our
method employs relatively simple, uniform parameters and a short MD simulation time to extract
key stability features. These features are then combined to effectively select the best prediction
model. Despite relying on simple feature combinations and short MD simulation durations, our pro-
posed method demonstrates performance comparable to existing state-of-the-art deep learning-based
methods, which are typically trained on extensive, multiple CASP data sets. The integration of ex-
plicit protein stability information into the model quality assessment process represents a significant

advancement, potentially offering a valuable addition to existing MQA methodologies.
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Chapter 4

Predicting protein stability change
upon point mutation

Building upon the foundational research in protein stability as applied to model quality assessment,
this chapter transitions to a focused exploration of protein stability changes, particularly empha-
sizing the effects of point mutations. This progression from studying overall protein stability to
investigating the specific nuances of stability changes due to point mutations represents an exten-
sion of the research scope. It highlights the critical importance of understanding how subtle genetic
variations, such as point mutations, can significantly alter the stability landscape of proteins.

Machine learning-based methods, despite becoming state-of-the-art in predicting protein stability
changes, have reached a performance barrier in prediction accuracy over the past decade. The
reliance on biased training data sets and the focus on static protein information have limited their
effectiveness, particularly in challenging blind test sets. This has necessitated a shift towards more
rigorous approaches, such as molecular dynamics simulations-based methods, which consider the
global and dynamic effects of mutations. Advances in computing power have made these rigorous
free-energy calculation methods more feasible and accurate.

Furthermore, the existing alchemical methods often employ simplified models, such as capped
n-peptides, which may not fully capture the complex effects of charge-changing mutations on pro-
tein stability. These mutations can significantly impact protein stability by altering electrostatic
interactions, hydrogen bonding networks, and solvation effects, which are challenging for simplified
models to accurately represent. The advent of high-quality protein structure prediction methods
like AlphaFold2 offers a new possibility to enhance the prediction of charge-changing mutations
using whole mutant structure information. In this context, we particularly underscore the utility
of non-equilibrium simulation techniques. These methods, leveraging the latest advancements in
computational efficiency, offer a promising alternative to equilibrium simulations. Non-equilibrium
simulations enable the faster assessment of protein stability changes across large data sets of mu-

tations, providing a critical advantage in high-throughput analyses. Their ability to deliver swift
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predictions of changes in free energy (AAG) without the more extensive computational demands of
equilibrium methods.

In this chapter, a novel workflow is proposed to enhance the alchemical method for predict-
ing protein stability changes due to point mutations. This workflow employs the pmz double-
system /single-box approach, specifically to address the challenges posed by charge-changing muta-
tion cases. The refinement of this protocol enables accurate prediction of folding free energy changes
for both conserving and charge-changing mutations, representing a significant advancement over
existing methods. A key aspect of this chapter is the comparative analysis of the performance be-
tween supervised learning-based methods and our rigorous alchemical approach. This comparison
is conducted using two challenging targets: frataxin and p53, which are known for their difficulty.
The results demonstrate that our proposed rigorous alchemical method significantly outperforms
state-of-the-art techniques, showcasing superior accuracy as evidenced by lower root-mean-squared
error and higher Pearson correlation coefficient in these blind test sets.

The advancements presented in this chapter contribute substantially to the field of protein stabil-
ity prediction. By offering a more robust and accurate approach to understanding the implications
of point mutations, this research addresses the limitations of the machine learning-based approach
and charge-changing mutation case of the rigorous approach. The novel integration of computational
techniques and advanced protein structure prediction models marks a significant step forward in the

predictive capabilities of protein stability changes upon point mutations.

4.1 Materials and methods

Figure [4.]] illustrates the general workflow of the proposed method. Alchemical free energy cal-
culation upon point mutation requires both a folded wild-type structure and an unfolded mutant
structure. In the conserving mutation case, the folded wild-type structure can be either obtained
from the crystal structure or AlphaFold2 prediction. For the unfolded mutant structure, we use
glycine-capped tripeptide (GxG) as suggested by Gapsys et al. [I70] In the charge-changing mu-
tation case, AlphaFold2 predictions are used for both the folded wild-type and unfolded mutant
structure. Since AlphaFold2 will output the mutant structure in the folded state, we apply high-
temperature simulation to unfold the predicted mutant structure (AF2HT). We use pmz to generate
the hybrid structure for state A (A = 0) and state B (A = 1). The equilibrium and non-equilibrium
simulation is then performed using the double-system/single-box (DSSB) simulation protocol. The

final AAG value is calculated using the Bennett acceptance ratio (BAR) method.

4.1.1 Data sets and wild-type structures

The proposed method does not require any training process, allowing us to evaluate its performance

directly on two commonly used blind test data sets: p53 and frataxin data sets obtained from
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Figure 4.1: General overview of the proposed method using the p53 Q104H mutation as an exam-
ple. The double-system, single-box protocol requires both folded wild-type and unfolded mutant
structures. For the folded wild-type structure, if an existing structure is available in the Protein
Data Bank (PDB), it will be used. If not, then the AlphaFold2-generated structure will be used.
For the unfolded mutant structure, two approaches are employed, depending on the nature of the
mutation. If the mutation results in a change in charge, then the AlphaFold2 structure will be
unfolded through high-temperature simulation. If the mutation is charge-conserving, then a GxG
will be used instead. For the DSSB protocol, hybrid structures are required for both state A and
state B, which are generated through alchemical mutation using the pmz library.
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Table 4.1: Input parameters used for AlphaFold2 run using ColabFold.

Parameter Name Value
num_relax 5
template_mode pdb70
msa_mode Mmseqs2_uniref_env
pair_mode unpaired_paired
model_type auto
recycle_early_stop_tolerance auto
max_msa auto
num_seeds 1
use_dropout no

SAAFEC-SEQ. [147] The p53 data set comprises 42 mutations in the DNA binding domain of the p53
tumor suppressor protein, as previously assembled by Pires et al. [I57] The frataxin data set, consist-
ing of eight single-point mutations in the Frataxin protein, was obtained from the Frataxin challenge
in CAGI 5. [198] We utilized the protein data bank (PDB) to acquire the published crystal structures
and sequences of p53 (PDB ID: 20CJ, apo form) and frataxin (PDB ID: 2EKG). For AlphaFold2
structure prediction, we employed ColabFold v1.5.2 (https://github.com/sokrypton/ColabFold, ac-
cessed between 16-23 February 2023). [199] The detailed inputs and parameters used for the structure
prediction are listed in Table AlphaFold2, as expected, is able to accurately predict both p53
and frataxin wild-type structures since it is trained using PDB data Figure In the p53 sequence,
unmodeled/disordered regions (sequence number: 197-219) were trimmed, as AlphaFold2 predicted
these regions as long coils, which would have significantly increased the system size and thus the

computing time.

4.1.2 Unfolded mutant and hybrid structure generation

Alchemical free-energy calculation upon point mutation requires both folded wild-type and unfolded
mutant structures. In the conserving mutation case, we generate the GxG structure using the Amber
LEaP program with the Amber99SB-ILDN force field [200, 201]. For charge-changing mutations, we
performed short 1 ns equilibrium MD simulations at high temperatures to unfold the AlphaFold2-
predicted mutant structures. Mutant structures are initially solvated using dodecahedral water
boxes and then neutralized with Na* and Cl ions. Energy minimization is carried out using the
steepest descent algorithm, followed by 100 ps of NVT and NPT ensemble simulations. In the
final MD simulation, we applied a 1000 K temperature and used the last snapshot as the unfolded
mutant structure. An example of the unfolded mutant structure from the Q104H mutation in the
p53 protein is provided in Figure

Calculating alchemical free energy requires an intermediate pathway connecting the wild-type
residue (A = 0) and its mutant form (A = 1), which is not physically feasible. The pmz package

automates the generation of these intermediate states by producing hybrid amino acid states that
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Figure 4.2: AlphaFold2 predicted structure and pLDDT scores for frataxin (left) and p53 (right).
The crystal structure for frataxin (PDB ID: 2EKG) and p53 (PDB ID: 20CJ) are highlighted in
green. The relaxed rank_1 structure is chosen as the representative structure for each protein

Figure 4.3: AlphaFold2-predicted wild-type structure (left) and the unfolded structure of p53 Q104H
mutant (right) after applying high tem-perature MD simulation
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represent a mixture of the wild-type and mutant forms. We use the pmxz “develop” branch for this
purpose (https://github.com/deGrootLab/pmx b0b5684 commit). The generated hybrid structure
files are then processed with the GROMACS pdb2¢gmz command to add hydrogen atoms by using
the Amber99SB-ILDN modified force field. This results in hybrid structure and topology files that
are compatible with GROMACS for the alchemical MD simulations.

4.1.3 Thermodynamic cycle and DSSB protocol

The folding free energy change (AAG) upon point mutation can be calculated by using the ther-
modynamic cycle principle. In the cycle shown in Figure (DSSB part), the difference AAG =
AGs — AGy (vertical arrows) represents the change in folding free energy between the wild-type
and mutant proteins. Directly computing the folding free energies AGs and A Gy from simulations
can be computationally challenging, particularly for larger peptides and proteins, due to the long
folding times involved [92]. Nevertheless, we can more efficiently calculate the mutation-free en-
ergies through the indirect path of the “alchemical” mutations in the folded and unfolded states
(AAG = AG; — AG,), which involve morphing the wild-type amino acids to their mutated and
then compute the corresponding free energy change. By performing this process in both folded and
unfolded states (two horizontal arrows), we can leverage the fact that the total free energy change
of the thermodynamic cycle is zero (AAG = AG; — AGy = AG; — AGy).

In the implementation, we applied the DSSB simulation protocol (Figure to maintain charge
neutrality during alchemical transformations involving charge changes between the wild-type and
mutant states. The first system consists of the foldedild-type and unfoldedyytant pProteins in a sim-
ulation box (A = 0), while the second system contains the foldedmutans protein and unfoldedwiid-type
proteins in a simulation box (A = 1). In each box, the two proteins are kept 3 nm apart by apply-
ing positional restraints on a single backbone atom near the center of mass, preventing them from
diffusing closer together during simulations. The alchemical transformation from A = 0 to 1, known
as the “forward” process, transforms the foldedwia-type into the foldedmutant, and simultaneously,
the unfoldedytant into the unfoldedyilg-type, Which is referred to as the “reverse” process A=1
to 0). This protocol conducts two independent simulations (forward and reverse), generating work

distributions that can be used later to calculate the AAG value.

4.1.4 MD simulations and free-energy calculations

All MD simulations were executed using the GROMACS-2022 [I76] (single-precision) with the Am-
ber99SB-ILDN [200] force field and TIP3P [202] water model. The hybrid structures with modified
force field generated by pmz were used as the input. The MD simulation protocol is based on pre-

vious work by Patel et al., [I68] but with shorter simulation times as we focused on single, smaller
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proteins rather than large protein complexes. For equilibrium MD simulations, we set up two simu-
lation boxes for conducting forward and backward transition states for each mutation. Both states
were solvated with dodecahedron water boxes, and Na™ and Cl™ ions were added at a concentration
of 0.15 M to balance the net charge. The simulation boxes underwent energy minimization for 10,000
steps utilizing the steepest descent algorithm. NVT ensemble simulations, followed by NPT ensem-
ble simulations, were then executed for 100 ps in each box. Throughout the MD simulation, the
pressure and temperature were consistently maintained at 1 atm and 300 K. A time step of 2 fs was
employed with snapshots saved every 10 ps. Lastly, final production MD simulations were conducted
for 12 ns. Following equilibrium MD simulations, fast-growth nonequilibrium alchemical simulations
were conducted to approximate AAG. From each equilibrated MD simulation, the initial 2 ns of
the trajectory was discarded, while the remaining 10 ns was utilized to generate 100 snapshots (one
every 100 ps). These snapshots initiated nonequilibrium simulations with a 100 ps transition time,
during which A shifted continuously from 0 to 1 or from 1 to 0. The A value change speed was set
at 2 x 107° /fs for all forward and backward transitions. For the soft-core interactions, we used the
soft-core potential proposed by Gapsys et al. [203] The AAG was estimated by determining the
overlap of forward and backward work distributions by using the BAR method provided by the pmx
script. This estimator yields a more precise approximation without presuming the work distribu-
tions’ shape. Aldeghi et al. [02] suggest that the most reliable way to assess the precision of free
energy estimates is to repeat the entire procedure, including both equilibrium and nonequilibrium
simulations, multiple times. In their example, they repeated the entire calculation five times and
took the average free energy values. In this work, we opted to repeat the whole process three times
to reduce computational costs while still maintaining accuracy, as the calculations were performed

on a large data set.

4.2 Results

To assess the performance of the proposed approach, we utilized two common metrics: root-mean-
squared error (RMSE) and Pearson correlation coefficient (PCC). For the frataxin and p53 data sets,
the proposed method achieved RMSE values of 1.67 kcal/mol and 1.11 keal/mol, respectively, and
exhibited notably high correlation values (PCC = 0.90 and PCC = 0.81) for both data sets. This
suggests that the proposed approach can accurately predict whether a mutation leads to destabiliza-
tion or stabilization (Figure . The predicted AA G values for each mutation in the corresponding
data sets are provided in Tables and These results were obtained while applying the pro-
posed protocol, which uses a GxG as the unfolded mutant structure for conserving mutations and
an AlphaFold2-predicted mutant structure unfolded in high-temperature simulation (AF2HT) for
charge-changing mutations. Additionally, we also assessed the performance using GxG-only and

AF2HT-only protocols on all mutations to gauge the effectiveness of the proposed protocol. The
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Table 4.2: Predicted AAG values for frataxin data set by the proposed method.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

D104G 0.32 0.40
A107V -0.94 0.00
F109L -2.12 -2.80
Y123S -4.23 -5.10
S1611 1.13 -3.10
W173C -10.95 -9.50
S181F -2.98 -3.00
S202F 0.16 -0.20

frataxin data set comprises 1 charge-changing and 7 conserving mutations, while the p53 data set
includes 16 charge-changing and 26 conserving mutations. Both protocols demonstrated inferior
performance on both data sets, as shown in Table [£.4] While the GxG-only protocol achieved
better performance on conserving mutations, it performed poorly on charge-changing mutations.
This aligns with pmaz validations, where charge-changing mutations exhibited larger fluctuations.
On the other hand, the AF2HT-only protocol showed the opposite results, with better accuracy on
charge-changing mutations but low accuracy on conserving mutations. The predicted AAG values
for by each protocol in the corresponding data sets are provided in Tables and
(see appendix .

The GxG structure is effective for conserving mutations due to its simplicity and stability. How-
ever, this simplicity falls short when it comes to charge-changing mutations, as it does not adequately
capture the more complex electrostatic interactions. Charge-changing mutations can significantly al-
ter the local and global electrostatic environments in the protein structure. Conversely, the AF2HT
structure is adept at handling charge-changing mutations as it considers both the global effects and
intricate electrostatic interactions arising from alterations in amino acid charges.

While the AF2HT structure accounts for global mutation effects, it may struggle to capture
the subtle local effects of conserving mutations, which do not involve significant charge changes or
substantial local environmental alterations. Consequently, the AF2HT method might overestimate
the impact of conserving mutations on the protein stability. Thus, combining both methods provided

a more accurate approach to addressing different mutation types.

4.2.1 Performance comparison with other predictors

Considering the hard limit of ~1 kcal/mol numerical accuracy [75], recent benchmarks on the frataxin
and pb3 data sets indicate that existing methods demonstrate relatively low performance, with high
average prediction errors, as evidenced by RMSE values of 3.27 kcal/mol and 1.53 kcal/mol, re-
spectively [I54]. In comparison with existing methods (Table , the proposed method achieves
superior performance, obtaining the lowest RMSE values (1.67 kcal/mol and 1.11 kcal/mol, respec-

tively). The proposed method also attains exceptional PCC values (0.90 and 0.81, respectively),
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Table 4.3: Predicted AAG values for p53 data set by the proposed method.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

Q104H 0.40 0.24
Q104P 0.18 0.11
T123A -1.09 0.13
A129D -2.26 -0.70
A129E -1.40 -0.38
A129S 0.21 -0.19
M133L 0.87 0.30
F134L 417 4.78
V143A -3.43 -3.50
L145Q -2.56 -2.08
D148E -0.05 -0.43
D148S 0.09 0.22
T150P 0.02 -0.08
P151S -4.78 -4.49
V157F 2.48 -3.88
Q165K -0.40 1.27
Q167E -0.70 -0.43
H168R 4.35 2.75
R174K 0.04 -0.22
R175A -1.22 0.73
R175H -3.61 -3.52
C182S 0.07 0.16
1195T 4.74 4.12
L201P -0.61 0.35
V203A -1.25 0.49
L2068 0.18 -0.10
Y220C 2.71 -3.08
D228E -0.39 0.05
12327 2.92 -3.19
Y236F 0.23 0.27
M2371 0.08 -3.18
N239Y -0.05 1.49
2428 0.23 -3.07
G2458 0.56 1.21
R248Q 0.69 -1.87
R249S -2.98 -1.92
1255F 2.45 -3.29
S260P 0.37 -0.32
N268D 1.37 1.21
F270C -3.75 4.54
R273H 0.18 -0.45
R282W -3.76 -3.30
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Table 4.4: Performance Comparison between the Three Protocols for Frataxin and p53 Data Sets?.

The RMSE values are in kcal/mol

Frataxin (All) P53 (All)

RMSE PCC RMSE PCC
Proposed  1.67 0.90 1.11  0.81
GxG 1.67 0.90 2.08 0.60
AF2HT 2.29 0.76 1.62 0.71

Frataxin (Conserving) P53 (Conserving)

RMSE PCC RMSE PCC
GxG 1.78 0.89 1.18 0.84
AF2HT  2.29 0.76 1.90 0.69

Frataxin (Charge-changing) P53 (Charge-changing)

RMSE PCC RMSE PCC
GxG - - 3.01 0.27
AF2HT (charge changing) - - 0.98 0.79

aFrataxin data set only contains one charge-changing mutation.

which are the best for the frataxin data sets and comparable to DDGun and PROST (0.89 and
0.91, respectively) for the p53 data sets. It is important to note that some predictions generated
by other methods were derived from existing literature [147, [154] 204]. In the frataxin data set, the
proposed method achieves the lowest squared error for five of the eight mutations (Table see
appendix). Interestingly, the proposed approach obtains a significantly lower squared error for the
W173C mutation, whereas all existing methods exhibit a high squared error. Despite being signifi-
cantly lower than existing methods, RMSE of 1.67 keal/mol, it is still relatively high when compared
to the 1 kcal/mol barrier. This can be largely attributed to the small sample size in the frataxin
data set, which contains only eight mutations. Within this small sample, a single substantial error
in prediction, as observed in the S1611 mutation, can considerably skew the overall error measure.
When we exclude this mutation, the average error falls significantly to 0.79 kcal/mol. This muta-
tion also presents a significant challenge for all existing methods tested, as none have succeeded in
predicting it accurately. Moreover, supervised learning-based methods, including PROST, typically
exhibit high PCC values but low accuracy, as they are primarily trained using data sets heavily
skewed toward neutral mutations. This training bias enabled them to successfully predict whether a
mutation is stabilizing or destabilizing (positive or negative), thus achieving high correlation values.
However, it underestimated the effect of highly stabilizing or destabilizing mutations, resulting in
low prediction accuracy. For the p53 data set, the proposed method achieves a squared error of less
than 1 kcal/mol for 30 of the 42 mutations, whereas the average squared error for existing methods is
attained for only 21 of the 42 mutations (Table see appendix). This can be attributed to highly
stabilizing/destabilizing cases (|JAAG| > 1 kcal/mol), where existing methods yield significantly

higher squared error.
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Table 4.5: Performance Comparison on p53 and Frataxin Data Sets®. The RMSE values are in
kcal/mol

Predictor Frataxin P53
RMSE PCC RMSE PCC
SDM 3.73 0.42 1.48 0.67
mCSM 3.29 0.53 1.40 0.67
DUET 3.33 0.53 1.39 0.68
PoPMusSic - - 1.58 0.56
SDM2 3.48 0.54 1.56 0.68
iStable 3.43 0.70 1.69 0.36
INPS 3.30 0.64 1.51 0.69
EASE-MM 2.96 0.85 1.64 0.59
BoostDDG 1.89 0.49

SAAFEC-SEQ 3.41 0.72 1.49 0.64
ACDC-NN-Seq  2.83 0.88 1.62 0.62

DynaMut2 3.31*  0.56* 1.28 0.75
DDGun 2.24* (.89 1.45 0.69
MU3DSP - - 1.41 0.72
PROST 3.02 0.91 1.5 0.67
Proposed 1.67 0.90 1.11  0.81

aResults obtained from the Web server.
bBest performance is marked with bold letters.

4.2.2 Convergence analysis

In this study, we employed the BAR method as an estimator for free energy differences and associated
uncertainties in the alchemical MD simulations [205, 206, 207]. To evaluate the convergence and
reliability of the free energy calculations, we performed a thorough convergence analysis using both
analytical error and bootstrap error. The analytical error associated with the BAR estimator can
escalate quickly, even with a small overlap between the work distributions. A substantial value for the
analytical estimator may act as a reliable indicator of insufficient convergence during nonequilibrium
transitions. If the two error estimates are consistent with each other, it suggests that the simulations
have provided sufficient sampling and the calculated free energy differences are reliable.

The analytical and bootstrap errors for the frataxin and p53 data sets indicate that the current
protocol is suitable for these systems (Figure . Most errors have values close to zero, demon-
strating agreement between analytical and bootstrap methods, with a few exceptions showing high
analytical error in one or all three independent simulations (Tables and see appendix). In
such cases, we reperform the equilibrium and nonequilibrium simulations and recalculate the AAG
values. Notably, the analytical errors remain exceptionally high in all three simulations for some
charge-changing mutations, even though they do not impact the predicted AA G accuracy as found
in H168R, R175A, R175H, and R282W mutations in the p53 data set.

In cases of substantial analytical error, the uncertainty in A G estimates may be attributed to in-

sufficient overlap between the work distributions, as pointed out by Aldeghi et al. [92]. To maintain
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Analytical and Bootstrap Errors for Frataxin and P53 Data Sets (log scaled)
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Figure 4.5: Log-scaled analytical (blue) and bootstrap (orange) error on frataxin (left) and p53
(right) data sets.

equilibrium and thus increase overlap, it may be beneficial to execute slower transitions, while con-
ducting additional nonequilibrium transitions can enhance the likelihood of observing low-dissipation
work values. In the efforts to rectify this issue in instances of high analytical error, we conducted
multiple longer equilibrium and nonequilibrium simulations across varied configurations. As demon-
strated in Figure the extension of simulation time in the equilibrium and nonequilibrium states
effectively minimized analytical errors. It was noted that, although the squared errors augmented
with an increase in nonequilibrium simulation time, they significantly decreased when the equilib-
rium simulations were prolonged. We anticipate that simultaneously extending the simulation time
for both equilibrium and nonequilibrium conditions could reduce analytical errors while preserving

prediction accuracy.
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Analytical Error Changes using Different Simulation Configurations
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Figure 4.6: Top: Log-scaled changes in analytical errors average across mutation cases with unusually
high analytical errors, assessed by using extended equilibrium (and non-equilibrium) simulation
configurations. Bottom: Distribution of squared errors across vari-ous simulation configurations,
illustrating the effects of different adjustments on error magnitudes.
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4.3 Discussion

In this study, we applied an improved alchemical MD simulation-based method for predicting protein
stability upon point mutations. The alchemical method is based on the pmz hybrid topologies and
double-system/single-box developed by Gapsys et al. [I70, [I72]. The proposed approach showed
robust performance on both conserved and charge-changing mutation cases, significantly outper-
forming existing state-of-the-art methods in overall performance. The approach does not require
any training process, making it robust against limitations associated with supervised learning-based
methods. Supervised learning-based methods often rely on complex features at the expense of ex-
plainability and are highly dependent on the quality of the training data. This can be observed in
the results for frataxin and p53 data sets, where existing supervised learning-based methods exhibit
low accuracy on these two challenging blind test sets. The proposed rigorous approach eliminates
the need for complex feature extraction steps as it solely requires protein structure information,

which can be acquired from PDB or AlphaFold2 predictions if crystal structures are unavailable.

4.3.1 Reverse mutations

To further validate the proposed method and assess the reliability of mutant structures predicted
by AlphaFold2, reverse mutations were performed on the p53 data set. This step was crucial in
highlighting the symmetry inherent in our approach, as reverse mutations necessitate the use of
the mutant structure itself. This also probes the reliability of the predicted mutant structures,
in this case, those derived from AlphaFold2. This additional validation bolsters the confidence
in the proposed approach and the practicality of the predicted mutant structure, especially those
obtained from AlphaFold2, for studying protein mutations. As demonstrated in Figure [I.7] there is
a notable internal consistency between the predicted forward and reverse mutations in most cases.
The predicted AAG values for each mutation are provided in Table (see appendix .

Some outliers were observed, primarily resulting from charge-changing mutations. Initially, we
suspected that these discrepancies arose from cases where either the forward or reverse mutations had
unusually high analytical errors. However, even after attempting to reduce the high analytical errors
through simulations with longer configurations, the prediction accuracy did not show substantial
improvement. Upon further investigation, we found that the annotated mutation cases were known
as tumorigenic mutations in p53 that are located within the DNA-binding substructure (with the
exception of D148S). In this region, mutations may exert a structural effect that destabilizes the local
conformation or even induces global denaturation [208]. In direct mutation, the proposed method
can accurately predict AA G values where the AlphaFold2-predicted mutant structure is used for the
unfolded state and is subsequently unfolded through high-temperature simulation. Conversely, in
the reverse mutation scenario, the AlphaFold2-predicted mutant structure is employed in the folded

state, and this appears to be the primary issue. This observation aligns with findings from previous
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studies [I81] indicating that AlphaFold2 may not accurately predict the structural destabilization in
these particular mutation regions. As AlphaFold2 predicts these regions in a folded conformation,
it consequently affects the accuracy of the reverse mutation prediction.

We conducted a further evaluation of the internal consistency performance using the Ssym data
set. The Ssym data set comprises 634 variants derived from 357 structures, corresponding to 13
distinct clusters. [209] This data set includes 342 mutations along with their reverse. It is commonly
utilized to assess the anti-symmetric bias of prediction methods, as it provides crystal structures
for both direct and reverse mutations. Given the computational demands of simulating the entire
Ssym data set, we selected a substantial and representative subset. This subset ensured coverage
across all proteins, with a minimum of three samples per protein when available, and included
mutations spanning a comprehensive range of AAG values (destabilizing-neutral-stabilizing). The
subset comprising 39 pairs of direct and reverse mutations (30 conserving and 9 charge-changing)
leveraged the Ssym data set crystal structures for both wild-type and mutant forms (Table
see appendix). Thus, the performance of the proposed protocol, especially for charge-changing
mutations, could be evaluated. The proposed method demonstrated internal consistency, as shown
in Figure [4.8] Since the crystal mutant structure is used, the proposed method does not seem to
be affected by the limitations associated with the predicted mutant structure, such as those found
with AlphaFold2 in the p53 DNA-binding region, signifying that the proposed charge-changing
mutation protocol is reliable for both direct and reverse mutations. We also evaluated the prediction
performance for both directions with DDGun and DDGun3D, unsupervised methods that achieved
good performance in the frataxin data set. Most of the supervised learning-based approaches were
trained on the S2647 data set, where many of the proteins also exist in the Ssym data set. Thus, a
good performance in the Ssym data set might come from overfitting. The performance comparison
showed that the proposed method showed comparable performance with DDGun and DDGun3D in
terms of RMSE (direct: 1.61, 1.63, 1.59 kcal/mol; reverse: 1.73, 1.63, 1.62 kcal/mol, respectively)
but superior Pearson correlation (direct: 0.79, 0.62, 0.68; reverse: 0.75, 0.63, 0.67) (Table . It
is worth noting that the D10N and its inverse N10D mutations caused significant prediction errors
in the proposed method. When these data are excluded, the proposed method achieves the best
performance in both RMSE and Pearson correlation for both direct and reverse mutations. We
were unable to identify a clear reason for the failure of the proposed method in predicting for both
D10N and N10D mutations. These specific mutations present challenges for the proposed method,
which will be further explored in a subsequent subsection. When focusing only on charge-changing
mutations, the proposed method showed worse RMSE but significantly better Pearson correlation
in both directions. Excluding the problematic D10N and N10D mutations, the proposed method

exhibited significantly improved RMSE and Pearson performance.
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Table 4.6: Comparative performance analysis of our proposed method with DDGun and DDGun3D
in the Ssym subset for both direct and inverse mutations. The left section includes the entire subset,
while the right excludes the D10N and its inverse N10D mutations. The top table represents all
conserving and charge-changing mutation cases, while the bottom table focuses on charge-changing
mutations only. Best performances are highlighted with bold letters. All RMSE values are in
kcal/mol

All data (conserving and charge-changing mutations)

Method Direct Reverse
RMSE Pearson RMSE Pearson

Proposed 1.61 0.79 1.73 0.75

DDGun 1.63 0.62 1.63 0.63

DDGun3D 1.59 0.68 1.62 0.67

Charge-changing mutations only

Method Direct Reverse
RMSE Pearson RMSE Pearson

Proposed 2.42 0.71 2.49 0.66

DDGun 2.31 0.33 2.31 0.30

DDGun3D 2.18 0.40 2.13 0.48

D10N and N10D excluded (conserving and charge-changing mutations)

Method Direct Reverse
RMSE Pearson RMSE Pearson

Proposed 1.33 0.83 1.45 0.79

DDGun 1.64 0.63 1.64 0.64

DDGun3D 1.60 0.68 1.63 0.68

Charge-changing mutations only (D10N and N10D excluded)
Method Direct Reverse
RMSE Pearson RMSE Pearson
Proposed 1.56 0.85 1.58 0.81
DDGun 2.40 0.34 2.40 0.31
DDGun3D 2.27 0.43 2.22 0.50

Overall, while the proposed method exhibits internal consistency especially in direct mutation
scenarios, caution is advised in reverse mutation cases. This consideration is particularly pertinent
when relying on predicted folded mutant structures such as those from AlphaFold2, which may not
accurately represent structural destabilization in certain mutation regions. Future work will aim to

address these challenges and further refine the method for broader applicability.

4.3.2 Mutation types

Considering the high errors observed in the predictions of D10N and N10D mutations, we sought to
investigate whether specific mutation types consistently pose challenges for the alchemical method.
To this end, we examined the impact of different mutation types on the prediction squared error,
taking into account their inherent characteristics and the potential limitations of the alchemical

approach. Our analysis drew on results from frataxin (direct), p53 (direct), and the Ssym subset

82



Average Squared Errors for Each Mutation Type
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Figure 4.9: Average squared errors, categorized by magnitude, in the frataxin (direct), p53 (direct),
and Ssym subset (direct and reverse) data sets.

(both direct and reverse). As depicted in Figure this investigation revealed distinctive patterns
of prediction error across various mutation types. Notably, mutations involving cysteine yielded
high errors, likely attributed to the difficulties in capturing the breaking and reforming of disulfide
bonds, which introduce significant free energy barriers into the simulations. Similarly, transitions
from aspartic acid (D) to alanine (A) and vice versa, as well as transitions from D to asparagine
(N) and N to D, have posed challenges. We suspect that these issues may stem from inherent
limitations in the pmz library, as indicated in the original work [I70], where AA G values for charge-
changing mutations involving aspartate tend to fluctuate significantly. Further refinement, including
adjustments to the simulation parameters and possibly extending the simulation time for better
convergence, might be necessary to address these challenges. It is important to emphasize, however,
that our analysis was constrained by the available data. The limited number of data points precluded

the establishment of clear statistical tendencies among the various mutation types.
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Squared Errors by Mutation Category
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Figure 4.10: Squared errors for charge-changing mutation categorized by mutation type

Charge-changing mutation

Additionally, we conducted an investigation focused specifically on charge-changing mutations to
assess our proposed workflow for handling these cases. Our analysis categorized these mutations

into four types:
e Positive to Negative and vice versa (no cases observed)
e Positive to Non-charged and vice versa
e Negative to Non-charged and vice versa
e Non-charged to Positive and vice versa

No instances of positive to negative mutations (or vice versa) were observed in the tested sets.
This may be due to their rare occurrence or exclusion in large mutational scan analyses. Figure 4.10
presents the squared errors for the other categories of charge-changing mutations. The small sample
size for each category (less than 10 instances) limits our ability to draw definitive conclusions.
However, most squared errors were under 1 kcal/mol, except for specific cases like D to N, D to A,
and their vice versa. As mentioned earlier, these trends align with the challenges associated with
transitions involving aspartic acid, potentially stemming from limitations in the pmz library. This
analysis highlights the need for more extensive data to establish clearer statistical trends among

various types of charge-changing mutations and to enhance the reliability of our conclusions.
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4.3.3 Case study

The proposed method demonstrated exceptional performance on two blind test sets, frataxin (RMSE
= 1.67 kcal/mol and PCC = 0.90) and p53 (RMSE = 1.11 kcal/mol and PCC = 0.81), outperforming
existing methods. The notable advantage of the proposed method is evident in the frataxin test set,
where the RMSE is significantly lower compared to other predictors where they attain the average
RMSE >3 kcal/mol. This superior performance can be attributed to the ability of the proposed
method to predict AA G values outside the typical range found in training data for machine learning-
based predictors, which is —5 < AAG < 5 kcal/mol. The proposed method is not limited by any
specific range and can predict higher AAG values, as seen in the Y123S and W173C mutations
(experimental AAG = —5.1 keal/mol and —9.5 kcal/mol, respectively). This observation is also
true for the p53 test set, where the proposed method accurately predicts highly destabilizing cases
(Figure with squared experimental AA G values around —3.5 kcal /mol or above, unlike existing
methods that yield significant squared errors in these cases (Table see appendix). This can
be attributed to the fact that training sets for existing methods are often dominated by neutral
mutations with an AAG range of —1 to 1 kcal/mol.

For instance, consider the R282W mutation as the case study, where the experimental AAG =
-3.30 kcal/mol. Our proposed method accurately predicted this as a highly destabilizing mutation
with a AAG = -3.76 kcal/mol. In contrast, existing methods incorrectly predicted it as a neutral
mutation, resulting in an average squared error of 10.89 kcal/mol. Even the most accurate among
them, DynaMut2, achieved a squared error of 3.13 kcal/mol, which is significantly higher than the
0.21 squared error of our proposed method. This discrepancy is likely due to the R282W mutation
being a tumorigenic mutation in p53, located within the DNA-binding substructure. The mutation
induces structural alterations, particularly the loss of interactions between the H2 helix and L1 Loop
as shown in Figure [88] Our proposed method successfully captures these dynamic changes

from the protein structre, leading to a more accurate prediction.
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Figure 4.11: The highly destabilizing mutation position in p53 test set with squared experimental
AAG values around —3.5 kcal/mol or larger

WT, t=51ns R282W,t=0ns R282W,t=51ns

Figure 4.12: Impact of the R282W mutation on the local structure: detailed view of the H2 Helix and
L1 loop in silico system. Reprinted with permission from [88]. Copyright 2011 American Chemical
Society. The side chains of residue 282 and adjacent critical side chains are depicted as sticks, with
coloring based on atom type.
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Table 4.7: Run Time Comparison between Top-Performing Methods on Frataxin and p53 Data Sets”

Predictor Run Time
DDGun (webserver) <2 min
Dynamut2 (webserver) <1 min
PROST® 11-13 min
GxG 2(11-13 h)
AF2HT 2(17-20 h)

2Results are taken from the original literature.
PNote: the running time in the parentheses is for a single direction (forward/reverse).

A notable limitation was identified when AlphaFold2 was employed for predicting the struc-
tural effect of mutations in the p53 DNA-binding region. AlphaFold2’s predicted mutant structure
works effectively when used for the unfolded state, where the mutant structure is unfolded using
high-temperature simulation. This aligns with previous findings where AlphaFold2 conveys protein
dynamics information obtainable from MD simulation [I83]. However, it appears to inaccurately
predict structural destabilization in the folded state, possibly due to AlphaFold2 predicting these
specific regions in a folded conformation. Such predictions could inherently bias toward stability,
affecting the accuracy of reverse mutation predictions. These findings highlight both the potential
of AlphaFold2’s structure dynamics and limitations that caution the use of predicted mutant struc-
tures, especially for reverse mutations. The observations suggest that further refinement of prediction
methodologies or exploration of alternative structure prediction techniques may be warranted.

The major limitation of the rigorous approach, including the proposed method, is their sub-
stantial computational requirements. Thus, it is essential to compare the runtime of the proposed
method with existing state-of-the-art methods to understand the trade-off between accuracy and
runtime. We evaluated the runtime of the GxG and AF2HT protocols on the frataxin data sets
on the workstation (AMD EPYC 7302 16-Core Processor, two NVIDIA A100-PCIE-40GB). In the
test cases, frataxin and p53 structures have <200 residues (127 and 196, respectively). Larger pro-
teins might increase the system size, resulting in longer execution times. Table [£.7] displays the
computational runtimes of the existing methods and the proposed method. The results show, as
expected, that the proposed rigorous approach-based method yielded significantly longer running
time compared to existing methods, which only took minutes. Given the potential of a rigorous
approach to deliver higher accuracy, the execution time, though longer, is still within feasible limits,
making this trade-off a reasonable one in our view. Nonetheless, advancements in computing power
and GPU parallelization facilitate faster and more practical implementation of rigorous methods.
We anticipate that future developments in those fields and distributed cloud computing [210] will

also help address computational resource limitations.
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4.4 Summary

This chapter presented a novel workflow for rigorous alchemical method and comprehensive com-
parison between existing supervised learning-based state-of-the-art methods in predicting protein
stability changes due to point mutations, particularly focusing on the challenging frataxin and p53
data sets. The enhanced alchemical approach, utilizing pmz hybrid topologies within a double-
system/single-box setup, demonstrated significant advancements. For conserving mutation cases,
the method employed capped tripeptides, while for charge-changing mutations, we introduced a new
protocol that utilized predicted mutant structures derived from AlphaFold2.

A key finding of this study is the superior performance of the proposed alchemical method in
accurately predicting AAG values for the frataxin and p53 blind test sets, outperforming existing
state-of-the-art techniques. This success is particularly notable given that the method does not
rely on a training process and is therefore not dependent on the quality of training data. This
independence was evident in scenarios involving highly destabilizing mutations, where supervised
learning-based methods typically struggled to predict higher AA G ranges.

Additionally, convergence analysis results underscored the reliability of the proposed protocol,
especially for proteins with sizes of <200 residues. These results were achieved even with relatively
short simulation times. However, in cases of charge-changing mutations with high analytical errors,
the study found that longer time configurations for both equilibrium and non-equilibrium states
were necessary to minimize these errors. Overall, the findings in this chapter contribute significantly
to the field of protein stability prediction, particularly in the context of point mutations, offering a

robust and reliable alternative to existing methods.
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Chapter 5

Discussion

5.1 Integration with machine learning-based methods

The advent of highly sophisticated protein structure prediction models such as AlphaFold2 has
significantly minimized the margin for improvement in the prediction of individual protein structures.
These models have set a new benchmark for accuracy, leaving limited scope for further advancements
in this particular area of structural biology. The current research trajectory, as a consequence, is
now pivoting toward the analysis of protein complexes, where the interactions and stability within
these systems remain less understood and more challenging to predict. While the computational
prediction of single protein structures has reached a point of near perfection with existing tools,
protein complexes, which involve multiple protein interactions, still present a significant challenge.
MD simulations provide a dynamic perspective that is indispensable for investigating the fluctuating
nature of these complexes. This method offers a window into the transient interactions and the
conformational flexibility of proteins within complexes, which are critical to understanding their
stability and biological function.

On the other hand, protein stability upon mutation research still has a broader area for improve-
ment. The proposed leverage the robustness of alchemical MD simulations, has provided detailed
insights into protein dynamics. However, despite the accuracy of this approach, the computational
intensity presents a significant bottleneck, limiting the throughput of such simulations and present-
ing challenges for large-scale applications. Notably, in the cases of neutral mutations—mutations
that do not significantly alter the energy landscape of the protein, machine learning-based meth-
ods have shown comparable accuracy with much faster computing time. Thus, by integrating the
proposed alchemical methods with machine learning-based methods, we believe that accurate and
faster prediction can be obtained. To achieve the goal, we conduct additional experiments where
the most recent state-of-the-art machine learning models DDGun, and Dynamut2 are selected as

the machine learning models as both methods have a webserver available.
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Table 5.1: Neutral mutation pairs based on biochemical similarity and amino acid characteristics.
The two direction arrows represent the corresponding wild type to mutant and its reverse mutations.

Mutation Pairs
L&l
Ve A
M+ L
Ve M
S« T
N+ Q
G+ A
S+ A
C+ S
F&Y
Y W
Q« H
K+ H
K& R
D+ E
F W

The integration strategy involves utilizing the average predicted values from these state-of-the-art
machine-learning models for neutral mutation cases. This approach is based on a set of predefined
rules that identify neutral mutations, which include amino acid substitutions that are biochemically
similar and are less likely to cause significant changes in protein stability. The neutral mutation
cases are identified according to the pairs of substitutions as described in Table [211] 212] The
integration of machine learning-based methods with the base proposed method in the analysis of
the p53 dataset, which comprises 42 mutations (26 conserving and 16 charge-changing mutations),
demonstrates a notable improvement in computational efficiency. This efficiency is particularly evi-
dent when analyzing neutral mutations, identified based on defined pairs. In the proposed method,
conserving mutations require approximately 2x(11 to 13 hours) each, while charge-changing muta-
tions take about 2x(17 to 20 hours) each. In contrast, DDGun and DynaMut2 webserver can process
mutations in just 1 to 2 minutes each.

Upon analyzing the p53 dataset with the defined neutral mutation pairs, 11 mutations are iden-
tified as neutral. These include pairs such as M < L, V <> A, and others. Notably, the D < E
mutation is categorized as a charge-changing mutation. The integration of machine learning meth-
ods for these neutral mutations significantly reduces the computational time. For the base proposed

method, the total estimated running time for the p53 dataset is calculated as follows:
e Conserving Mutations: 26 x 2x(11 to 13 hours) = 572 to 676 hours
e Charge-Changing Mutations: 16 x 2x(17 to 20 hours) = 544 to 640 hours

e Total: 1116 to 1316 hours
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In comparison, the integrated method with machine learning for neutral mutations yields:
e Neutral Mutations (Machine Learning): 11 x (1 to 2 minutes) = 11 to 22 minutes

e Remaining Conserving Mutations: 16 x 2x(11 to 13 hours) = 352 to 416 hours

e Charge-Changing Mutations: 15 x 2x(17 to 20 hours) = 510 to 600 hours

e Total: 862 to 1016 hours and 11 to 22 minutes

The integration of machine learning methods for neutral mutations in the p53 data set demon-
strates a significant reduction in computational time, with the integrated method taking approxi-
mately 22.75% to 26.88% less time compared to the base proposed method. Additionally, in terms
of accuracy, the integrated method achieves an improved root-mean-square error (RMSE) of 1.03
kcal/mol compared to 1.11 keal/mol for the base proposed method. It’s important to note that these
improvements are based on the characteristics of data set and the proportion of neutral mutations.
The results indicate the potential benefits of combining computational and data-driven methods in

protein stability research.

5.2 Multiple mutation

The major focus of prediction methods in protein stability has been on single point mutations,
largely due to the complexities involved in analyzing the cumulative effects of multiple mutations.
However, biological systems often exhibit polymorphisms and concurrent mutations, necessitating
an understanding of the compounded effects of multiple mutations on protein stability and function.
Extending our method to multiple mutations presents a challenge due to the exponential increase
in computational demand. Each additional mutation adds complexity, leading to a greater number
of possible mutation combinations and, consequently, an increased number of simulations required
for accurate stability assessment.

The current alchemical MD simulation protocol, based on pmz, can be applied to cases of multiple
mutations, either simultaneously or sequentially. When mutations are applied at once, a caveat is
the slower convergence of the free energy estimate. More mutations impose a larger perturbation to
the system, leading to more work dissipation along the path and reduced accuracy of the free energy
estimate. In such cases, performing non-equilibrium transitions more slowly may be necessary.
[92] Alternatively, the effect of multiple mutations can be calculated sequentially. For instance,
the free energy difference of introducing mutations X and Y simultaneously is equivalent to the
combined AAG of first introducing mutation X, followed by calculating AAG for mutation Y in a
system where mutation X is already present. Since free energy is a state function, the sequence of

introducing mutations does not influence the final AAG estimate. Therefore, mutation Y can be
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Table 5.2: Comparison of predicted values: proposed method versus DDGun and DynaMut?2.

mutation experimental AAG (kcal/mol) mutant PDB ID
LI9A, BE108V 31 (L99A: 1190), (LI9A, E108V: 1quo)
L99G, E108V 5.6 (L99G: 1qud), (L99G, E108V: 1quh)
L99A, F153A -6.9 (L99A: 1190), (L99A, F153: 1189)
E128A, V131A 0.44 -
E128A, V131A, N132A 0.9 1136

performed first, followed by mutation X. The free energy differences calculated in all three scenarios
(simultaneous X and Y, first X then Y, first ¥ then X) should yield the same estimate. [92]

Applying all mutations at once might require more careful sampling and longer simulation time.
Additionally, using the current proposed protocol can be problematic for mixed cases (conserving
and charge-changing mutations occurring simultaneously) due to the unfolded structure represen-
tation. In this research, we prefer to apply mutations sequentially. Although applied sequentially,
simulations can run in parallel; for example, the simulation of mutation X to Y and Y to Z can be
conducted simultaneously, where AAGx y_ 7z = AAGx_y + AAGy_z. The main drawback of this
approach is the requirement for accurate mutant structures in their folded state.

To evaluate the performance of our proposed method, we utilized sample data from the PTmul
dataset [160]. We specifically chose 5 mutation cases in T4 lysozyme (PDB id: 2lzm), for which
experimental mutant structures are available, except for the E128A and V131A mutations where
only experimental value was used. The details of these selected samples are provided in Table [5.2]
Currently, only a few existing methods support predictions for multiple mutations. We compared our
method’s performance with predictions from DDGun and DynaMut2, obtained via their respective
web servers. As shown in Table our proposed method demonstrated superior performance in
the test sample, achieving an RMSE of 1.12 kcal/mol. This is significantly lower compared to
DDGun and DynaMut2, which recorded RMSE of 3.46 kcal/mol and 2.89 kcal/mol, respectively.
This superiority aligns with our findings in the case of single-point mutations in p53, particularly in
predicting highly destabilizing mutations, and highlights the limitations of existing methods.

The flow hierarchy, depicted in Figure [5.1] illustrates how the final AAG of multiple mutations
can be calculated by accumulating the free energy changes of each single mutation state, in either
forward or reverse direction. For instance, in the case of the L99A, F153A, and L99A, E108V
mutations, we can calculate the free energy from the L99A mutant along two paths: towards F153A
and E108V in the forward direction. Similarly, for the E128A, V131A, N132A mutant, we calculate
the free energy in the reverse direction, starting from the N132A mutant and reversing to E128A
and V131A. The predicted final AAG values accurately reflect these changes, underscoring that
free energy is a state function and validating the effectiveness of our rigorous approach for multiple
mutation cases. Future work should extend this methodology to other mutation scenarios and

proteins to further validate its performance.
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Table 5.3: Predicted value by proposed methods in comparison with DDGun and DynaMut2

. experimental ddg | proposed DDGun DynaMut2

mutation (kcal/mol) (kcal/mol) | (kcal/mol) | (kcal/mol)
L99A, E108V -3.1 -5.03 -0.68 -2.31
L99G, E108V -5.6 -6.73 -1.35 -2.07
L99A, F153A -6.9 -6.78 -2.11 -2.42
E128A, V131A, N132A 0.9 1.02 -0.15 0.31
RMSE 1.12 3.46 2.89

Predicted AAG = -1.90 L99A Predicted Final AAG = -4.88 + -1.90

-6.78
F153A
-6.9

Experimental AAG

Predicted Final AAG = -4.88 + -0.15

=-5.03
Experimental AAG = -3.1
Predicted AAG = 1.77 LooG Predicted Final AAG = -8.51 + 1.77
,
22M WD) e dicted AaG = Ei08V =-6.73
851 B Experimental AAG = -5.6

. _ E128A, Predicted Final AAG = 0.44 + 0.58
Predicted AAG = 0.58 Vi31A. =1.02
N132A Experimental AAG = 0.9

Experimental
AAG = 0.44

Figure 5.1: Flow hierarchy of multiple mutation states and the corresponding AAG (in kecal/mol),
with forward mutations indicated by light blue arrows and reverse mutations by red arrows
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5.3 Mutation Pathway Reliability

The motivation behind this exploration arises from observed inconsistencies in the calculated free
energy changes (AAG) for direct and reverse mutations within the proposed method. These in-
consistencies challenge the fundamental principle of microscopic reversibility, which posits that the
AAG values of direct mutations should be equal in magnitude but opposite in sign to those of their
reverse counterparts. However, empirical data often display non-anti-symmetric results, underscor-
ing a significant gap in our current understanding or application of simulation methodologies.

To address these challenges, this section delves into the systematic evaluation of mutation path-
ways, leveraging cyclic pathway analysis combined with advanced error propagation strategies. This
approach is rooted in the construction of thermodynamic cycles that incorporate both direct and
reverse mutations, potentially traversing through intermediate states, to assess their conformity to
thermodynamic laws. Cyclic pathway analysis enables the identification of the most reliable path-
ways by pinpointing cycles with the lowest absolute cyclic AAG sum and propagated error. This
dual criterion ensures that selected pathways not only align with theoretical expectations but also
demonstrate the highest degree of computational accuracy. Analyzing three outliers (T41C, V66L,
S91A mutations, and their reverse counterparts) from the Sgym subset, characterized by their non-
anti-symmetric AAG values, underscores the challenge to the principle of microscopic reversibility.
Here, we select the alternative pathways where mutation at the same position and the crystal struc-
tures for the mutant type are available.

For each AAG calculation, since each simulation is repeated three times, the error is quantified
through the standard deviation (o) of AAG values. In contrast, for pathways involving intermedi-
ates, a more complex error propagation strategy is employed. Suppose for cyclic mutation pathway

of A— B — C — A, the propagated error can be calculated as follow:

Gonon = /7R sp + 0o+ 0B

This equation aggregates the variances (02) from each step within the pathway, offering a com-
prehensive metric of uncertainty for the complete pathway. The investigation of the predicted AAG
with the error for each pathway is documented in the Table

As illustrated in Figure direct and reverse mutation pairs are selected based on pathways
with the lowest absolute cyclic AAG sum and propagated error. Table [5.5] enumerates the selected
pathways with the lowest cyclic AAG sum and propagated error for each mutation case, demon-
strating a rigorous approach in reconciling observed discrepancies with theoretical expectations via
alternative pathways. The antisymmetry metric § is further employed to evaluate the predicted

direct and reverse AAG pairs, providing a quantitative measure of bias in predicted free energy
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Table 5.4: Predicted AAG and the standard deviation for each mutational pathway

Group Mutational Predicted Standard
Pathway | AAG (kcal/mol) | Deviation (kcal/mol)
T—C -0.61 0.25
C—T -1.55 0.88
T—>1 -0.81 1.05
I1—-C 1.25 0.39
C—1 -0.50 0.98
I—-T 0.53 0.83
T—S -0.87 0.55
THC e CIT g g 0.47 0.72
C—S 0.36 0.45
S—T -0.87 0.16
T—>V 0.10 0.23
V—-C 0.85 0.78
C—YV -1.15 0.52
V—->T 0.19 0.39
V=L -0.55 2.10
L—->V -2.14 0.58
V=1 -0.91 0.15
VO6L < L66V I L 4.77 0.80
L—1 -0.51 0.28
I—-V -0.48 0.29
S— A -3.10 0.22
A—S 1.00 0.06
S—T -0.15 0.63
SOIA & AIIS | ) 0.77 0.21
A—-T 1.11 0.78
T—S -0.48 0.29

95



Table 5.5: Comparison of AAG pairs for each mutation case using the § metric. The § metric
quantifies the anti-symmetry between direct and reverse mutations. Cases where ¢ is closer to zero
indicating better performance are highlighted in bold

Predicted DDG Pair

Mutation Pathway Cyclic Sum | Propagated Error | Direct Reverse
T41C < C41T | TV ->C—>T -0.60 1.20 0.95 -0.6
V66L <+ L66V | V1L >V 1.72 0.99 3.87 -2.14
S91A <+ A91S | S-=T—-A—>S 0.08 0.86 -0.92 1

Table 5.6: Selected AAG pairs for each mutation case according to the lowest cycle sum and
propagated error

Direct Pathway Cyclic Pathway
Predicted AAG (kcal/mol) | Predicted AAG (keal/mol)
Mutation | Direct Reverse ) Direct Reverse )
T41C -0.61 -1.55 -2.61 0.95 -0.6 0.35
V66L -0.55 -2.14 -2.69 3.87 -2.14 1.67
S91A -3.10 1 -2.1 -0.92 1 0.08

changes for mutations and their reversals. [209] The § metric is defined as
d = AAGiny + AAG iy, (5.1)

where AAGg;; and AAGi,, represent the predicted free energy changes for the direct and inverse
mutations, respectively. A ¢ value of 0 denotes perfect anti-symmetry, suggesting a non-biased
prediction where the energetic effects of a mutation are precisely counterbalanced upon mutation
reversal. This metric is utilized to compare the direct and reverse predicted AAG values, both prior
to and subsequent to the application of the cyclic pathway, with the mutation pairs presented in
Table The analyses reveal that mutation pairs selected via the cyclic pathway exhibit enhanced
performance, evidenced by an improvement in the ¢ value. This meticulous analysis not only aug-
ments our comprehension of the anomalies within the Ssym subset but also refines the methodologies

deployed in predicting the effects of mutations, particularly in the context of anti-symmetry.
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Cyclic Sum and Propagaled Error for T41C «— C41T Mutation
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Figure 5.2: The absolute cyclic AAG sum and propagated error of each mutational pathway for
corresponding mutation case
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Chapter 6

Conclusion

This thesis has explored and expanded the frontiers of protein stability prediction through rigorous
computational methods. A key observation throughout this research is the limitations of existing
methods, particularly their lack of utilization of dynamic information, despite its crucial role in
protein stability. The integration of dynamic information can offer valuable insights and enhance
the performance of existing methodologies.

In the first phase of our research, we demonstrated the ability of molecular dynamics simulations
to assess the quality of predicted single protein 3D structures. This has laid a solid foundation
for understanding inherent protein stability, which is critical for accurate structural prediction and
the subsequent rational design of proteins, but still has not been utilized by existing methods in
the field. Building upon this, the second phase extends the field from protein stability to stabil-
ity changes, particularly in the field of point mutations on protein stability, employing alchemical
molecular dynamics simulations to predict the resulting stability changes. We introduced a novel
protocol to enhance the performance by specifically handling charge-changing mutation cases. Our
proposed approach achieves significantly better performance in comparison with state-of-the-art
machine learning-based methods.

The main contribution of this thesis is the development of a novel approach that integrates pro-
tein dynamics information, obtained from molecular dynamics simulations, into the prediction of
protein stability and stability changes in single protein structures. This novel approach addresses
and overcomes the inherent limitations found in machine learning-based methods. A key advantage
of the proposed method is that it does not require complex feature extraction and extensive training
processes typically associated with machine learning models. By incorporating dynamic information
from molecular dynamics simulations, this approach not only introduces additional useful informa-
tion but also enhances the accuracy of protein stability predictions. This offers a more comprehensive
and dynamically informed perspective in understanding protein behavior and functionality.

The additional experiments and discussions presented in Chapter 5 have opened up new directions

for the application of the proposed methods. The possibility of integrating with machine learning-
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based methods to tackle computational limitations, enhancing the speed without compromising the
accuracy of stability predictions. Further extension of the proposed approach to the field of multiple
mutations also represents a positive outcome in the field.

In conclusion, the research embodied in this thesis has achieved its objectives. The methodologies
developed and tested here have proven successful in predicting protein stability and its changes. They
pave the way for more reliable and insightful predictions in protein research and its applications,
particularly in the fields of drug design, therapeutic interventions, and protein engineering. The
potential to extend these methods to more complex scenarios, such as multiple mutations, opens
new possibilities for comprehensive and insightful protein stability analysis. This thesis not only
contributes to the scientific community by enhancing our understanding of protein dynamics and

stability but also sets a new benchmark for future research in this vital area of molecular biology.

Future directions

Moving forward, we identify the following areas as promising directions for further exploration and
development, building upon the insights and discoveries gained from this research. The following

areas represent promising directions for further exploration and development:

e Development of accurate structure prediction methods for mutant structure

While AlphaFold2 has demonstrated high accuracy in predicting wild-type protein struc-
tures, it often falls short in accurately predicting the effects of missense mutations on three-
dimensional protein structures. [I81 [I82] In our research, we utilized structures predicted
by AlphaFold2, exploiting the conveyed information on the residue flexibility and dynamics.
[183] Specifically, we employed AlphaFold2-predicted mutant structures in an unfolded state
within our workflow. However, this approach encounters challenges in reverse mutation cases
where experimentally determined mutant structures are unavailable, and AF2-predicted mu-
tant structures are used as the folded state. Future work should therefore concentrate on
developing novel methods that can more accurately predict the impact of missense mutations
on protein structures. Such methods would need to address the limitations in scenarios where
understanding the mutation’s effect is critical and relies on the accurate representation of the

mutant structure.

e Addressing multiple mutations

In real-world applications, the occurrence of multiple mutations is a critical factor that signif-
icantly influences protein behavior and functionality. Accurately calculating the free energy
changes associated with multiple mutations, whether performed simultaneously or sequentially,

is essential for understanding their cumulative impact on protein stability. This task becomes
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particularly challenging due to the need for precise mutant structures. The development of
accurate structure prediction methods for mutants as discussed previously, is therefore not
only crucial for single mutations but also becomes imperative when dealing with multiple mu-
tations. Future research should focus on methodologies that can reliably predict the structural

effects of multiple mutations on proteins.

e Creation of data sets providing protein structure dynamics

Currently, obtaining detailed information on protein dynamics typically requires performing
molecular simulations. Developing data sets that offer insights into protein structure dynamics
would be invaluable. Such data sets could serve as a new benchmarking tool and also be
utilized to train machine learning models, particularly deep learning models that are capable
of learning spatio-temporal features of protein dynamics. This advancement would significantly
enhance the predictive accuracy of these models in understanding protein behavior and stability
changes. The creation of these datasets would provide a crucial resource for researchers,
allowing for a more efficient and comprehensive analysis of protein dynamics without the sole

reliance on computationally intensive molecular simulations.

¢ Advancements in computing power

Future research should leverage advancements in computing power, distributed cloud comput-
ing, software optimization, and graphics processing unit parallelization. These advancements
are expected to make molecular simulations more efficient and faster, thereby overcoming cur-
rent computational intensity limitations. As a result, molecular simulations could become
more widely accessible and applicable for extensive research, allowing for a deeper exploration
of protein dynamics and interactions. For instance, we can explore larger systems, such as
triple or quarter systems within a single simulation box, especially when applying multiple

mutations simultaneously.

These future directions not only build upon the findings of this thesis but also open new pathways
for advancing our understanding of protein stability and dynamics. The integration of computa-
tional power, advanced modeling techniques, and innovative data sets will likely lead to significant
breakthroughs in protein research, with wide-ranging implications in molecular biology, drug design,

and therapeutic development.
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Appendix A

Supporting tables

Table A.1: Predicted AAG values for frataxin data set using GxG-only protocol. Charge changing
mutation is marked with red font.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

D104G 0.40 0.40
Al0TvV -0.94 0.00
F109L -2.12 -2.80
Y1238 -4.23 -5.10
S1611 1.13 -3.10
W173C -10.95 -9.50
S181F -2.98 -3.00
S202F 0.16 -0.20
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Table A.2: Predicted AAG values for p53 data set using GxG-only protocol. Charge changing
mutations are marked with red font.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

Q104H -0.23 0.24
Q104P -0.18 0.11
T123A -1.09 -0.13
A129D 0.13 -0.70
A129E 0.14 -0.38
A129S 0.21 -0.19
M133L 0.87 0.30
F134L -4.17 -4.78
V143A -3.43 -3.50
L145Q -2.56 -2.98
D148E 2.03 -0.43
D148S 0.66 0.22
T150P 0.02 -0.08
P151S -4.78 -4.49
VI157F -2.48 -3.88
Q165K -4.42 -1.27
Q167E 0.59 -0.43
H168R -3.23 -2.75
R174K 0.06 -0.22
R175A 2.65 -0.73
R175H -1.72 -3.52
C182S 0.07 0.16
1195T -4.74 -4.12
L201P -0.61 0.35
V203A -1.25 0.49
L206S 0.18 -0.10
Y220C -2.71 -3.98
D228E 2.05 0.05
1232T -2.92 -3.19
Y236F 0.23 0.27
M2371 0.08 -3.18
N239Y -0.05 1.49
2428 -0.23 -3.07
G245S 0.56 -1.21
R248Q) 3.75 -1.87
R249S 6.06 -1.92
1255F -2.45 -3.29
S260P 0.37 -0.32
N268D 1.37 1.21
F270C -3.75 -4.54
R273H 2.45 -0.45
R282W -1.35 -3.30
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Table A.3: Predicted AAG values for frataxin data set using AF2HT-only protocol. Charge changing
mutation is marked with red font.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

D104G -0.32 0.40
A107V -2.38 0.00
F109L -2.24 -2.80
Y123S -1.90 -5.10
S1611 0.83 -3.10
W173C -7.08 -9.50
S181F -3.93 -3.00
S202F 1.71 -0.20
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Table A.4: Predicted AAG values for p53 data set using AF2HT-only protocol. Charge changing
mutations are marked with red font.

Mutation Predicted AAG (kcal/mol) Experimental AAG (kcal/mol)

Q104H 0.40 0.24
Q104P -1.84 0.11
T123A -1.05 -0.13
A129D -2.26 0.7
A129E -1.40 -0.38
A1298 0.11 -0.19
M133L 1.65 0.3

F134L -3.01 4.78
V143A 2.23 35
L145Q -2.56 -2.98
D148E -0.05 -0.43
D148S 0.09 0.22
T150P 0.65 -0.08
P1518 8.62 4.49
V157F -5.74 -3.88
Q165K -0.40 1.27
QL67E -0.70 -0.43
H168R -4.35 2.75
R174K 0.04 -0.22
R175A 1.22 0.73
R175H -3.61 -3.52
C1828 0.24 0.16
1195T -4.81 4.12
L201P -1.51 0.35
V203A -1.06 0.49
L206S 0.44 0.1

Y?220C 4.43 -3.98
D228E -0.39 0.05
1232T -5.08 -3.19
Y236F -0.19 0.27
M2371 0.17 -3.18
N239Y -0.30 1.49
C242S -0.20 -3.07
G2458 0.05 -1.21
R248Q 0.69 -1.87
R2499 -2.08 1.92
1255F -3.39 -3.29
S260P 3.29 -0.32
N268D -2.37 1.21
F270C -5.49 4.54
R273H -0.18 ~0.45
R282W -3.76 3.3
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Table A.5: Prediction squared error (in kcal/mol) by predictors for frataxin data set. The lowest squared error for each mutation is marked with

green color.

Mutation Proposed iStable mCSM SDM DUET DeepDDG iDeepDDG SDM2 DynaMut2 DDGun3D DDGun Seq PROST

D104G 0.01 0.86 1.98 0.37 1.48 291 2.7 0.31 1.12 0.81 1.96 1.04
Al07TV 0.72 0.00 0.08 2.13 0.13 0.57 0.13 1.64 0.19 1.44 0.81 0.22
F109L 0.27 2.50 4.12 12.25 5.50 3.49 4.41 11.83 9.67 6.76 6.76 4.33
Y1238 1.10 10.82 4.15 6.86 3.08 8.82 5.22 8.70 2.66 6.25 7.84 11.64
S1611 32.72 12.39 8.50 21.07  11.84 9.35 9.39 11.42 6.66 9.00 5.29 8.01
W173C 1.80 56.10 61.15 62.73  62.03 47.13 53.76 59.91 60.06 16.81 7.84 42.46
S181F 0.18 11.16 5.88 4.75 4.27 4.06 2.86 2.59 6.86 17.64 9.61 5.17
S202F 0.52 0.20 0.68 1.25 0.28 0.00 0.11 0.52 0.40 0.09 0.25 0.28
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Table A.6: Squared error (in kcal/mol) analysis for p53 data set. Squared errors greater than 1 kcal/mol are highlighted in yellow for both the
proposed method and the average of existing methods.

EASE- MU3DSP-
Muta- Pro- Dyna- PoP- I- I- MU3- MAEST- SAAFEC- m-
tion posed ~ AVerage yp,,  MUpro MM-  \pigic MutantA MutantB 'NE°  DSP DDGun g6 SEQ csM PROST
web unbalance
Q104H 0.02 0.06 2.40 0.87 0.00 0.01 0.59 2.10 0.14 0.03 0.03 0.00 2.22 1.54 0.04 0.03
Q104P 0.08 0.01 0.26 0.71 0.22 0.10 1.23 1.88 0.02 0.03 1.19 1.24 1.12 0.23 0.02 0.75
T123A 0.93 0.02 0.09 0.37 0.60 0.94 2.56 0.83 0.44 0.30 0.45 0.67 1.37 0.56 0.29 0.37
A129D 2.44 0.49 0.06 0.04 1.48 0.15 0.01 0.34 0.44 0.47 0.49 1.91 0.00 0.00 0.45 0.44
A129E 1.03 0.14 0.04 0.02 0.37 0.03 0.12 0.14 0.31 0.11 0.34 0.47 0.12 0.19 0.10 0.17
A1298 0.16 0.04 0.02 0.48 0.16 0.04 0.30 0.00 0.03 0.02 0.24 0.03 0.25 0.40 0.02 0.15
M133L 0.33 0.09 0.08 1.69 0.06 0.86 4.80 0.10 0.04 0.37 1.44 0.01 1.59 0.01 0.36 0.14
F134L 0.37 22.85 3.10 20.16 12.27 10.18 20.16 7.18 5.17 9.27 4.75 30.06 9.80 2.89 9.94 8.48
V143A 0.01 12.25 2.02 8.75 1.46 0.15 1.21 0.01 1.71 0.74 0.25 29.32 4.54 2.50 0.77 3.00
L145Q 0.18 8.88 0.01 1.41 0.68 0.52 1.51 1.72 1.28 0.20 0.01 32.26 2.53 0.05 0.21 0.79
D148E 0.14 0.18 0.01 0.02 0.00 0.09 1.08 0.06 0.21 0.06 0.40 0.32 0.04 0.02 0.05 0.33
D148S 0.02 0.05 0.02 1.26 0.20 0.08 0.29 2.22 0.04 0.18 0.01 0.01 0.49 0.01 0.14 0.04
T150P 0.01 0.01 0.02 1.71 0.17 0.71 0.12 0.05 0.17 0.00 0.08 0.68 0.64 0.09 0.00 0.39
P151S 0.08 20.16 3.84 11.00 9.52 6.66 6.97 11.22 11.54 6.85 6.71 34.06 9.86 4.04 6.87 7.62
V157F 1.96 15.05 5.34 8.64 6.35 7.24 2.62 0.66 6.79 7.19 6.66 16.79 8.01 6.50 7.14 4.89
Q165K 0.76 1.61 0.52 0.01 0.39 0.42 0.41 0.85 2.26 0.92 0.45 6.91 0.00 0.21 1.00 3.96
Ql67E 0.07 0.18 0.14 0.06 0.67 0.59 0.01 0.53 0.36 0.06 0.02 0.01 0.15 0.09 0.05 1.38
H168R 2.55 7.56 4.37 3.60 6.49 2.69 8.58 5.76 4.61 2.79 2.40 10.37 2.46 2.62 2.94 3.62
R174K 0.07 0.05 1.06 0.57 0.00 0.21 1.54 0.08 0.00 0.06 1.17 0.76 1.37 0.22 0.06 0.31
R175A 0.24 0.53 0.06 2.29 0.04 0.16 0.35 2.25 0.00 0.74 0.94 6.46 0.42 0.01 0.68 1.83
R175H 0.01 12.39 1.93 0.37 8.66 10.11 0.71 9.06 5.85 1.98 7.95 19.62 1.37 6.15 2.08 0.27
C182S 0.01 0.03 0.98 3.28 0.53 0.36 3.17 2.46 0.26 0.25 0.19 0.00 0.85 1.54 0.27 0.00
1195T 0.38 16.97 0.44 1.89 4.00 4.71 0.01 0.00 1.61 2.56 1.25 40.17 3.84 1.51 2.93 0.79
L201P 0.93 0.12 0.00 7.70 0.91 0.12 4.12 3.03 0.81 0.35 1.10 1.02 1.69 0.44 0.35 0.07
V203A 3.04 0.24 4.28 2.94 2.42 5.52 7.67 14.75 0.12 2.43 0.24 0.48 3.69 4.49 2.44 0.09
L206S 0.08 0.01 0.08 1.85 4.90 0.66 15.52 3.69 2.05 2.34 1.44 2.06 1.51 1.14 2.17 0.43
Y220C 1.62 15.84 3.42 13.96 6.31 2.50 21.81 6.00 5.97 5.11 1.17 27.23 5.90 4.33 5.20 7.17
D228E 0.20 0.00 0.00 0.38 0.07 0.14 0.06 0.55 0.01 0.04 0.00 0.04 0.42 0.10 0.06 0.15
1232T 0.07 10.18 0.34 2.09 2.35 1.06 0.19 0.62 0.66 1.66 0.79 21.89 1.08 0.67 1.66 0.61
Y236F 0.00 0.07 3.28 1.39 0.18 1.44 1.06 1.74 0.06 0.55 2.99 0.03 0.31 3.53 0.57 1.17
M2371 10.63 10.11 4.08 5.93 8.14 6.86 1.96 1.19 2.58 5.09 5.20 11.02 7.78 1.80 4.51 7.35
N239Y 2.36 2.22 3.03 3.53 3.31 4.54 1.82 9.49 0.45 7.20 0.08 2.02 6.10 3.06 7.21 0.51
C242S 8.07 9.42 5.52 0.05 1.28 2.79 0.29 0.22 0.27 1.69 2.66 14.42 0.90 4.45 1.78 0.00
G245S 3.14 1.46 0.18 0.16 0.32 0.12 1.35 0.00 0.19 0.00 0.08 2.60 0.31 0.00 0.00 0.00
R248Q 6.55 3.50 1.61 0.00 4.53 3.61 0.10 0.01 0.35 0.80 0.59 2.29 0.08 2.89 0.89 0.00
R249S 1.12 3.69 0.20 0.00 2.38 0.27 0.00 0.05 0.52 0.18 0.01 15.18 0.41 0.06 0.24 0.03
1255F 0.71 10.82 1.21 2.97 8.57 5.76 2.56 0.59 20.26 5.86 22.00 14.31 4.54 2.96 5.89 20.72
S260P 0.48 0.10 0.01 0.84 0.10 0.11 0.88 0.02 0.00 0.01 0.01 0.12 0.00 0.02 0.01 0.45
N268D 0.02 1.46 6.05 4.46 5.02 5.38 8.35 9.30 1.58 2.89 2.28 0.32 4.00 7.95 3.06 1.45
F270C 0.63 20.61 4.93 9.19 6.08 5.81 6.76 3.57 7.80 5.05 4.16 34.02 6.00 7.02 5.49 9.66
R273H 0.07 0.20 0.45 0.00 0.20 0.00 0.35 0.01 0.35 0.45 0.20 0.93 0.00 2.02 0.46 0.05

R282W 0.21 10.89 3.13 6.41 6.11 12.25 8.35 8.82 11.07 6.99 5.76 18.91 5.57 4.33 7.09 6.41




Table A.7: Analytical and Bootstrap Error in Frataxin Dataset

Mutation Analytical Error (kcal/mol) Bootstrap Error (kcal/mol)

D104G 0.630 0.710
0.640 0.650
Al107V 3.970 0.590
0.090 0.090
0.110 0.110
F109L 0.090 0.110
0.120 0.080
0.110 0.110
Y1235 0.120 0.130
0.730 0.370
0.570 0.250
51611 0.460 0.230
0.170 0.130
0.430 0.190
W173C 0.170 0.180
0.380 0.390
0.420 0.490
S181F 0.330 0.290
0.300 0.330
0.260 0.180
S202F 0.320 0.330
0.160 0.130
0.230 0.170
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Table A.8: Analytical and bootstrap error (in kcal/mol) in p53 dataset. Error larger than 1 kcal/mol is marked with yellow color.

Mutation Analytical Error  Bootstrap Error Mutation Analytical Error Bootstrap Error Mutation Analytical Error  Bootstrap Error
Q104H 0.29 0.25 V157F 0.3 0.32 1232T 0.13 0.18
0.48 0.32 0.73 0.25 0.16 0.18
0.26 0.19 0.34 0.33 0.10 0.15
Q104P 0.87 0.76 Q165K 0.37 0.42 Y236F 0.04 0.05
0.73 0.85 0.33 0.38 0.09 0.07
0.67 0.79 0.44 0.42 0.04 0.04
T123A 0.07 0.09 Q167E 0.63 0.65 M2371 0.18 0.11
0.08 0.08 0.51 0.61 0.14 0.11
0.08 0.10 0.85 0.50 0.21 0.19
A129D 0.83 0.95 H168R 101.07 0.55 N239Y 0.41 0.20
0.63 0.59 44.11 0.57 0.24 0.30
0.56 0.23 85.72 0.35 0.40 0.31
A129E 0.57 0.24 R174K 0.49 0.48 C2428 0.10 0.07
0.50 0.38 0.81 0.27 0.50 0.05
0.96 0.90 0.77 0.39 0.07 0.07
A1298 0.06 0.06 R175A 462.91 0.94 G245S 0.26 0.24
0.09 0.09 271.45 0.93 0.26 0.24
0.09 0.09 58.39 0.63 0.21 0.19
M133L 0.17 0.17 R175H 26.71 0.45 R248Q 0.27 0.27
0.15 0.12 154.14 0.56 0.33 0.31
0.17 0.11 88.53 0.88 0.19 0.20
F134L 0.21 0.18 C1828 0.05 0.05 R2498 0.73 0.59
0.22 0.16 0.06 0.05 0.96 0.46
0.20 0.18 0.07 0.06 3.80 0.19
V143A 0.08 0.09 1195T 0.15 0.13 1255F 0.23 0.22
0.50 0.10 0.19 0.25 0.37 0.34
0.09 0.09 0.26 0.16 0.23 0.28
L145Q 0.93 0.50 L201P 0.45 0.32 S260P 0.73 0.50
0.41 0.29 0.97 0.25 -0.74 0.29
0.44 0.21 0.62 0.43 0.61 0.38
D148E 0.19 0.20 V203A 0.11 0.13 N268D 0.41 0.36
0.15 0.16 0.16 0.17 0.52 0.54
0.27 0.38 0.07 0.08 0.29 0.23
D148S 0.17 0.21 L2068 0.21 0.18 F270C 0.13 0.13
0.39 0.16 0.34 0.36 0.35 0.31
0.28 0.25 0.34 0.16 0.15 0.14
T150P 0.52 0.56 Y220C 0.38 0.32 R273H 0.64 0.29
0.83 0.26 0.46 0.43 0.97 0.47
0.58 0.32 0.32 0.38 0.77 0.68
P151S 1.13 0.58 D228E 0.67 0.31 R282W 9610.18 0.51
1.89 0.53 0.49 0.43 772.91 0.61
1.15 0.53 0.73 0.97 580.26 0.45




Table A.9: The predicted AAG values of the direct and reverse mutations of p53 data sets

Mutation Direct AAG (kcal/mol) Reverse AAG (kcal/mol)

Q1041 0.40 ~0.40
Q104P 0.18 -0.10
T123A -1.09 0.50
A129D -2.26 1.72
A129E -1.40 0.99
A129S 0.21 -0.36
M133L 0.87 -0.78
F134L 4.17 4.10
V143A -3.43 3.60
L145Q -2.56 3.29
D148E 0.05 0.70
D148S 0.09 -2.90
T150P 0.02 0.07
P151S 4.78 5.22
V157F -2.48 3.49
Q165K -0.40 1.50
QL67E -0.70 -0.75
H168R 4.35 2.79
R174K 0.04 -0.49
R175A 1.22 -3.21
R175H -3.61 1.92
C1828 0.07 0.19
1195T 4.74 5.08
L201P -0.61 -0.44
V203A 1.25 1.25
L2068 0.18 1.35
Y220C 2.71 3.07
D228E -0.39 0.13
12327 2.92 1.79
Y236F 0.23 -0.21
M237T 0.08 2.78
N239Y -0.05 -0.37
2428 0.23 -0.05
G2458 0.56 0.12
R248Q 0.69 1.87
R249S -2.98 2.31
1255F 2.45 2.35
S260P 0.37 0.18
N268D 1.37 -2.09
F270C -3.75 4.21
R273H 0.18 -2.96
R282W _3.76 0.78
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Table A.10: The selected Ssym subset and predicted AAG (in kcal/mol). The sub set consisted of 39 pairs of direct and reverse mutations, including
30 conserving and 9 charge-changing mutations. Charge changing mutations are marked with red letter.

Direct Reverse
Mutation  Experimental AAG  Predicted AAG  Squared Error Mutation  Experimental AAG  Predicted AAG  Squared Error
DI10ON 0.9 6.67 33.29 DI10ON -0.9 -6.89 35.88
D12A 2.5 4.08 2.50 D12A -2.5 -5.64 9.86
D13A 2.7 3.23 0.28 D13A -2.7 -3.13 0.18
Q25K 0.93 -0.61 2.37 Q25K -0.93 0.41 1.80
K43A -1 -1.16 0.03 K43A 1 0.98 0.00
D57A 3.3 -0.06 11.29 D57A -3.3 -1.28 4.08
H62A 0.4 1.29 0.79 H62A -0.4 -0.41 0.00
RI6Y -4.7 -6.09 1.93 RI6Y 4.7 3.23 2.16
V131D 0.1 0.65 0.30 V131D -0.1 -1.50 1.96
V2Y -0.4 0.11 0.26 v2y 0.4 -0.19 0.35
V2L -0.05 -1.07 1.04 V2L 0.05 1.78 2.99
13Y -2.3 -3.02 0.52 13Y 2.3 1.26 1.08
TIG -2.6 -2.02 0.34 T9G 2.6 1.50 1.21
Y23A -5.9 -6.97 1.14 Y23A 5.9 6.24 0.12
T26A -1.7 -1.84 0.02 T26A 1.7 0.29 1.99
Y32F 0.2 1.69 2.22 Y32F -0.2 -1.25 1.10
V351 -0.6 0.28 0.77 V351 0.6 -0.91 2.28
Y35G -5 -5.02 0.00 Y35G 5 0.37 21.44
T41C 0.6 -0.61 1.46 T41C -0.6 -1.55 0.90
N43G -5.7 -4.52 1.39 N43G 5.7 4.82 0.77
147M -1.7 -0.13 2.46 147M 1.7 1.11 0.35
147V -2 -1.59 0.17 147V 2 1.01 0.98
I50A -2 -0.51 2.22 I50A 2 0.50 2.25
151V -1.1 -1.77 0.45 151V 1.1 2.76 2.76
A52V 1.7 0.51 1.42 A52V -1.7 -1.96 0.07
155V -0.9 -0.16 0.55 155V 0.9 2.00 1.21
156V -1.2 -2.36 1.35 156V 1.2 2.32 1.25
Y57F -1.2 0.40 2.56 Y57F 1.2 0.78 0.18
T59S -0.2 -0.46 0.07 T59S8 0.2 -0.89 1.19
V661 -1 -0.09 0.83 V661 1 -1.16 4.67
V66L -0.3 -0.55 0.06 V66L 0.3 -2.14 5.95
G67A -0.5 -0.79 0.08 G6TA 0.5 0.86 0.13
F71N 0.7 -0.51 1.46 F71N -0.7 0.12 0.67
F82Q -0.4 -0.28 0.01 F82Q 0.4 -0.47 0.76
S91A -0.2 -3.10 8.41 S91A 0.2 1.00 0.64
FI92N -1.1 -1.86 0.58 F92N 1.1 2.00 0.81
196 A -3.2 -4.42 1.49 I196A 3.2 3.14 0.00
C1918 -1.9 0.42 5.38 C191S 1.9 0.42 2.19
C191Y -2.3 -5.33 9.18 C191Y 2.3 2.32 0.00




TTI

Table A.11: Prediction squared error (in kcal/mol) by predictors for p53 data set where the absolute experimental AAG values > 3.5 kcal/mol. The
squared error greater than 1 kcal/mol between proposed method and average of existing methods for each mutation is marked with yellow color

MU-
Muta- ~ Lxpe-  Pro- Dyna- iy BASE-  pop. r MUS3- MAEST- SAAFEC-, 3DSP- Aver-
tion rimen-  pos- Mut2 pro MM- Music Mw Mu- INPS  pep DDGun csM un- PROST . ge
tal ed web tantA tantB RO SEQ
balance

F134L 478 0.37 3.10 20.16 12.27 10.18 20.16 7.18 5.17 9.27 4.75 30.06 9.80 2.89 9.94 8.48 22.85
V143A -3.50 0.01 2.02 8.75 1.46 0.15 1.21 0.01 171 0.74 0.25 29.32 4.54 2.50 0.77 3.00 12.25
P151S -4.49 0.08 3.84 11.00 9.52 6.66 6.97 1122 11.54 6.85 6.71 34.06 9.86 4.04 6.87 7.62 20.16
V157F -3.88 1.96 5.34 8.64 6.35 7.24 2.62 0.66 6.79 7.19 6.66 16.79 8.01 6.50 7.14 4.89 15.05
R175H -3.52 0.01 1.93 0.37 8.66 10.11 0.71 9.06 5.85 1.98 7.95 19.62 1.37 6.15 2.08 0.27 12.39
1195T 412 0.38 0.44 1.89 4.00 471 0.01 0.00 1.61 2.56 1.25 4017 3.84 1.51 2.93 0.79 16.97
Y220C -3.98 1.62 3.42 13.96 6.31 2.50 21.81 6.00 5.97 5.11 1.17 27.23 5.90 4.33 5.20 7.17 15.84
F270C 454 0.63 4.93 9.19 6.08 5.81 6.76 3.57 7.80 5.05 4.16 34.02 6.00 7.02 5.49 9.66 20.61
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