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Abstract

Since the advent of the next-generation sequencing technologies, it is possible to
thoroughly analyze the entire genome and to explore its detailed components with
unprecedented accuracy. This advanced exploration have allowed to highlight complex
biological mechanisms and relationships that are crucial to understanding genetics at
a deeper level. For instance, Whole Exome Sequencing (WES) has allowed to identify
non-synonymous mutations, which are responsible for amino acid changes in protein
sequences which can influence and modify his three dimensional structure, triggering
cascade effects thus consenquently leading to diseases. A deep understanding of
the complex mechanisms underlying these mutations and their effects is crucial for
the development of new targeted therapies. In addition Whole Genome Sequencing
(WGS), provides a complete view of individual’s DNA. This comprehensive analysis
helps in mapping the human genome of individual patients, identifying mutations
associated with specific mutagenic processes, paving the way for innovative targeted
treatments.

The present manuscript will present main results of my research project during the
PhD period, which generally consists in implementing machine learning solutions in
biomedical applications. The present work will be dived in two macro parts: the first
one will focus on non-synonymous mutations and on their impact on protein structure
and stability. Specifically we will introduce the computational tools developed in
the recent year to study and to predict protein stability changes upon mutations,
highlighting method evaluations, major caveats and open challenges. Specifically we
will describe in details two deep learning predictors we developed in our laboratory to
satisfy transitivity and anti-symmetry, two fundamental thermodynamic properties
that majority of predictors does not consider. The first method ACDC-NN, uses 3D
structural information, while the second, ACDC-NN-Seq, relies on sequence data
alone.

The second part of the manuscript will focus on cancer genetics, specifically on mu-
tational signatures, which are unique patterns of mutations associated with mutagenic
processes (ie. Tobacco smoking, ultraviolet exposure or DNA repair mechanisms).
We will review existing methods for extracting mutational signatures from cancer
genomes, highlighting current challenges and limitations. Special attention will be
given to two our papers: one which address the issue of similarity of mutational
signatures profile present on Catalogue of Somatic Mutation in Cancer (COSMIC),
using archetypal analysis. The paper suggests the idea that some profiles, with
unknown etiology, could represent overfitted non-biological signals, and could be
represented as a linear combination of archetypes profiles, thus claiming the necessity
to introduce some constraints in the implementation of future methods. The second



study introduces a novel mutational signatures extraction method based on explain-
able autoencoders (MUSE-XAE), which consist in a nonlinear encoder and a linear
decoder with non-negative constraint and a minimum volume regularization, adept at
capturing potential nonlinear dependencies while preserving signature interpretability.
We evaluated and compared MUSE-XAE with other available tools both on synthetic
and real cancer datasets and demonstrated that it achieves superior performance
in terms of precision and sensitivity in recovering mutational signature profiles. In
addition, MUSE-XAE extracts highly discriminative mutational signature profiles
by enhancing the classification of primary tumor types and subtypes in real-world
settings.
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During my PhD, I have collaborated with the University of Copenaghen under the
supervision of Professor Anders Krogh .
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Chapter 1

Introduction

Next-Generation Sequencing (NGS) technologies have revolutionized the landscape
of human genomics research. NGS provides the resolution to identify not only large-
scale genomic changes but also single nucleotide variants (SNVs), small insertions
and deletions (indels), and even more complex mutational events. Such granularity
is vital for understanding the genetic basis of diseases and to o er a window into
individual variability. Instead of a 'one-size- ts-all' approach, therapies can now
be tailored based on individual genomic pro les. By understanding the specic
mutations or variants that drive a disease, targeted therapies can be developed to
intervene at the molecular level. The objective of this thesis is to highlight the
role of genetic variation through a dual lens. On one hand, this work focuses on
protein stability prediction due to an aminoacid changes in its sequence. On the
other hand, it delves into the genomic dimension by examining mutational signatures
and how their etiologies can be used to better understand the mutational landascape
of tumour development. Speci cally, for both topics, we will begin with a general
introduction. Then we will discuss commonly used methodologies and practices,
followed by an exploration of open challenges in the eld. Finally, we will detalil
the contributions we have made to advance both protein stability prediction and
mutational signature extraction.

Types and Implications of Exomic Variants

Focused on the coding regions of the human genome, Whole Exome Sequencing
(WES) is a pivotal method in next-generation sequencing. Although these regions
constitute less than 2% of the entire genome, they contain roughly 85% of all disease-
related variants [1]. WES is highly adaptable, nding utility in various scienti c
realms like population genetics and genetic disease research [2]. Exomic variants can
be dichotomized into synonymous and non-synonymous types. While synonymous
variants do not change the amino acid sequence, they can still be pathogenic by
a ecting mRNA splicing and thereby altering protein functionality and drug responses

[3].
Non-synonymous variants are more direct in their impact, causing amino acid
substitutions (missense), introducing premature stop codons (nonsense), or eliminat-

ing stop codons altogether (nonstop). Such alterations often result in dysfunctional
or non-functional proteins. Repositories such as Human Gene Mutation Database

2



(HGMD) [4], the Catalogue of Somatic Mutations in Cancer (COSMIC) [5] and
others aggregate information of single amino acid variants that cause or are asso-
ciated with disease and other sequence variations, providing valuable resources for
researchers [6]. However, it is crucial to emphasize that not all non-synonymous
variations necessarily lead to impactful changes in protein function or structure.
Several factors can mitigate the consequences of such variations. For instance, if the
replaced amino acid has chemical properties such as charge, size, or hydrophobicity
that are highly similar to those of the original amino acid, the protein's overall
structure and function may not be signi cantly a ected. Additionally, the location

of the amino acid substitution within the protein matters. If the change occurs in a
region that is neither involved in the protein's enzymatic active site nor critical for

its secondary or tertiary structure, or if it doesn't in uence the protein's ability to
interact with ligands or other proteins, then the overall functionality of the protein

is likely to remain intact.

Disease-associated variants have been cataloged in over 1,000 human genes [4].
These sequence alterations can impact multiple dimensions of protein functionality,
including transcription, RNA processing, folding, and stability [6]. In this context,
this thesis emphasizes the role of exomic variants in a ecting protein stability, a
critical aspect often linked to disease development [7, 8, 9]. For example, a majority
of monogenic disease-causing variants are known to destabilize the native structure
of proteins [10]. Particularly in genes with haploinsu ciency, highly destabilizing
variants usually yield non-functional proteins [11] .

Elucidating the mechanisms by which non-synonymous variants a ect human
diseases is of vital importance [12, 13, 14]. Yet, it is crucial to also consider the
complex interplay between synonymous and non-synonymous variants, particularly
in the case of complex diseases where multiple factors contribute to pathogenesis.

Challenges and pitfalls in protein stability prediction To accurately predict
the impact of non-synonymous variants on protein stability in terms of change in the
Gibbs free energy (  G), multiple computational methods have been developed.
While these tools are invaluable for understanding disease pathology, they often inad-
equately capture intrinsic G properties like antisymmetry and transitivity. This
shortfall is likely a consequence of training on datasets biased towards destabilizing
mutations.

Addressing this issue could involve incorporating more stabilizing variants into
the training data or leveraging machine learning techniques designed to handle
imbalanced datasets. Another limitation lies in the underrepresentation of certain
amino acid mutations, such as those involving proline or cysteine residues. This bias
restricts the utility of existing tools for a broader range of mutation types.

Additionally, current evaluation protocols for these predictors often overlook testing
bias. For a robust assessment, the partition between training and test datasets should
account for protein homology, excluding variants from proteins sharing more than
25% sequence identity across the two sets. Unfortunately, this best practice is not
universally implemented, resulting in possibly in ated performance metrics in the
literature.



1.1. THESIS OUTLINE

Mutational Signatures

The advent of NGS technologies has also enabled the in-depth investigation of muta-
tional landscapes across the entire genome. These mutational patterns, also known
as "mutational signatures", can be described as ngerprints of underlying exogenous

and endogenous mutagenic factors (i.e tobacco smoking, ultraviolet exposure, DNA
mistmatch-repair) or aberrant cellular processes that contribute to cancer develop-

ment and proliferation. [15, 16]. Understanding these signatures provides valuable
insights into disease etiology and can potentially guide therapeutic interventions [17,

18].

There are various types of mutational signatures that capture di erent kinds of
mutational events, such as Single Base Substitution signatures (SBS), Insertions
and Deletions (Indels, ID), Double Base Substitutions (DBS), and Copy Number
Variations (CNV). Over the years, several methodologies have been developed, leading
to the discovery of around 80 distinct mutational signatures, cataloged within the
COSMIC database.

Open challenges in Mutational Signatures analysis

However, several open challenges remained to be addressed. Among these, of our
interest we can include the COSMIC signatures redundancy, i.e the fact that a
high cosine similarity between some mutational signatures can be found in the
COSMIC catalogue and this could suggests the presence of mathematical artifacts
due to overtting [19]. Mathematical artifacts become a concern, particularly
when signature extraction is highly dependent on the number of samples available.
Moreover, several signatures in COSMIC databases still lack experimentally-validated
etiology, supporting the hypothesis of possible overlapping signatures that describe
the same mutagenic process. These challenges underscore the need for enhanced
methods and frameworks for accurately interpreting mutational signatures and to
ensure their correct application in both clinical and research settings.

In addition, current methods for extracting mutational signatures from tumor
catalogs predominantly rely on Non-Negative Matrix Factorization (NMF) techniques.
While NMF's linear approach o ers the advantage of explainability in mutagenic
processes, it may oversimplify the complex mechanisms underlying cancer develop-
ment. This limitation could potentially result in overlooking non-linear relationships
that better capture the intricacies of tumorigenesis.

1.1 Thesis Outline

In the rst part of the present manuscript (Chapters 2-4) we introduce the concept

of protein stability and present two new computational methods we have developed
in our laboratory to predict the e ects on protein stability due to a point variants

on the amino acid sequence. In additionwe provide a comparison of available tools
on a new dataset we have manually curated to assess methods performance in an
unbiased manner. In the second part, after an introduction of mutational signatures,
we present an archetypal analysis we performed on COSMIC signatures to prove
that redundancy in the catalogues could be eliminated while mantaining the proper
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amount of information. Finally we describe a Mutational Signature extraction
method we have developed in our laboratory.

Chapter 2: Protein stability, general concepts and properties In this
chapter, we de ne the concept of protein stability and how its changing can be
described with the di erence in the Gibbs free energy, G.

we explore the impact of protein stability on various disorders, focusing particu-
larly on monogenic conditions and diseases associated with haploinsu cient genes.
we outline the G characteristics and review the evolution of G prediction
computational methods. we detail the principal datasets employed for training
and validation in machine learning-based prediction methods, the metrics used for
performance assessment, and key challenges in the current landscape of stability
prediction tools and their evaluations.

The content of this chapter can be found in the following publications belong to
our laboratory:

" S. Benevenuta, P. Fariselli:On the Upper Bounds of the Real-Valued
Predictions - Bioinformatics and Biology Insights (2019)

" G. Birolo, S. Benevenuta, P. Fariselli, E. Capriotti, E. Giorgio, T. Sanavia:
Protein stability perturbation contributes to the loss of function in
haploinsu cient genes - Frontiers in Molecular Biosciences (2021)

" S. Benevenuta, G. Birolo, T. Sanavia, E. Capriotti, P. Fariselli:Challenges
in predicting stabilizing variations: an exploration - Frontiers in
Molecular Biosciences

Chapter 3: ACDC-NN: A Convolutional Antisymmetric neural network

In this Chapter we present ACDC-NN, a Convolutional Antisymmetric Di erential
Concatenated Neural Network, designed for respect G thermodynamic properties.

In particolar we describe both ACDC-NN 3D, which uses both proteins structure
and sequence information, and its sequence based version ACDC-NN-Seq which does
not require tertiary protein structure.

The content of this chapter originally appears in :

" S. Benevenuta*,C. Pancotti*, P. Fariselli, G. Birolo, T. Sanavia: An anti-
symmetric neural network to predict free energy changes in protein
variants - Journal of Physics D: Applied Physics (2021)

" C. Pancotti*, S. Benevenuta*, V. Repetto*, G. Birolo, E. Capriotti, T. Sanavia,
P. Fariselli: A Deep-Learning Sequence-Based Method to Predict
Protein Stability Changes upon Genetic Variations - Genes (2021)

Chapter 4: Thorough comparison of available G prediction tools on s669
dataset From the comprehensive database ThermoMutDB (v1.3) we manually
collected and cleaned a new dataset, named s669, of point variants. The variants in
s669 belong to proteins with a sequence identity lower than 25% with proteins found
in commonly used dataset for G prediction. Using s669 dataset, we conducted
the most extensive and comprehensive comparison by including 20 tools, highlighting

5
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the weaknesses and strengths of these methods in G prediction. Speci cally, we
compared their performance in predicting direct and reverse variants, and testing
their antisymmetry. Additionally, we sought to identify common issues a ecting all
methods and potential improvements, pinpointing which variant classes (destabilizing,
neutral, and stabilizing) are the most challenging to predict and trying to understand
the reason behind that.

The content of this chapter originally appears in:

" C. Pancaotti*, S. Benevenuta*, G. Birolo*, V. Alberini, V. Repetto, T. Sanavia,
E. Capriotti, P. Fariselli: Predicting protein stability changes upon
single-point mutation: a thorough comparison of the available tools
on a new dataset - Brie ngs in bioinformatics (2022)

" S. Benevenuta, G. Birolo, T. Sanavia, E. Capriotti, P. Fariselli.:Challenges
in predicting stabilizing variations: an exploration - Frontiers in
Molecular Biosciences

Chapter 5: Mutational Signatures: ngerprints of mutational processes

in cancer In the present Chapter we mathematically introduce the concept of
mutational signature and its importance to understand cancer heterogeneity and
etiology, thus providing an invaluable resource to better implement target therapies.
We discuss computational methods developed so far to extract mutational signatures
from cancer genomes, highlighting their weaknesses and strengths, underlying their
biological assumptions and stressing common pitfalls and caveats in the eld.

Chapter 6: Archetypal Analysis reveals the inherent instability of mu-

tational signatures In the present Chapter we present in detail an archetypal
analysis we performed on COSMIC catalogue, suggesting the idea that numerous
mutational signatures with unknown etiology could be the result of over tting due

to lack of statistical power. In fact, our study show that the amount of information

in the COSMIC catalogue can be totally preerved with the half of the component.
Interestingly the 'archetypal’ signatures we found can be well explained and seems to
have a biological meaning. This analysis highlight the need to develop computational
methods without redundancy, by incorporating some mathematical constraints in
order to extract realistic and biologically plausible signals.

The content of this chapter originally appeared in the following paper:

" C. Pancotti, C. Rollo, G. Birolo, S. Benevenuta, P. Fariselli, T. Sanavia:
Unravelling the instability of mutational signatures extraction via
archetypal analysis - Frontiers in Genetics (2023)

Chapter 7: MUSE-XAE: MUtational Signatures Extraction with an

Explainable Auto Encoder In the present chaprter we describe a novel method
we implemented in our lab, called MUSE-XAE, MUtational Signatures Extraction
with an Explainable Auto Encoder, that consists in a non linear encoder and linear
decoder with minimum volume regularization and non negativity constraint. Similar
architectures has already been successfully applied in the context of single cell RNA
seq and transcriptomic data. However this is the rst application in mutational
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signature analysis. Our method show a very accurate extraction capabilities and
enhances tumour types classi cation.

The content of this chapter originally appeared in the following paper:

" C.Pancaotti, C.Rollo, G. Birolo, P. Fariselli,T. Sanavia, MUSE-XAE: MUta-
tional Signature Extraction with eXplainable AutoEncoder enhances
tumour type classi cation - Bioinformatics (2023)



Chapter 2

Protein stability

2.1 Gibbs free energy and G

The stability of a protein is quanti ed by the change in Gibbs free energy G, which
represents the di erence in free energy between the native (folded, F) and denatured
(unfolded, U) states of the protein. A negative G indicates that the folded state is
energetically more favorable, while a positive G suggests that the unfolded state
is favored. Thermodynamically, G is directly related to the equilibrium constant
(Keq) for the folding-unfolding transition, according to the equation:

G= RTIog(K e 2.1)

whereR is the universal gas constant and is the temperature in Kelvin. The
equilibrium constant K ¢ is de ned as the ratio of the concentrations of the unfolded
to folded states at equilibrium,K ¢, = %

A stable con guration of a protein corresponds to a minimum in the G; in
particular during its functional cycle a protein experiences di erent free energy
local minima which correspond to stable three dimensional structures that are
needed to correctly perform biological activities. The Gibbs free energy includes
di erent contribution term such as hydrophobic e ects, conformational con gurations
(entropic contributions) and interaction terms such as electrostatic and hydrogen
bonds and Van der Waals forces. An aminoacid change in the protein sequence
(which represents non-synonimous DNA variation) can alter the Gibbs free energy
and consequently the protein stability, thus changing the protein structure and its
ability to perform functions, leading to cascade e ects that consequently can cause
diseases. Protein stability changes can be described as di erence of the free energy
of unfolding between the wild type (W) and mutated state (M) of a protein:

Gwm = Gw Gwm: (22)
A graphical representation of the G is represented in Fig. 2.1.

Depending on the sign of G, variants can be classi ed in destabilizing (negative
sign) and stabilizing (positive sign). Mutations that leads to a G values close
to zero, given the experimental uncertainties ([20, 21]) make their G signs less

8



2.1. GIBBS FREE ENERGY AND G

Figure 2.1: Schematic representation of the  G. The black curve represent the energy
pro le of the wild type protein while the red one the mutant pro le after an amminoacid
change in the sequence.

reliable. To account for this issue, it is possible to consider G values in the range
between -0.5 and 0.5 kcal/mol as 'neutral’. The choice of 0.5 kcal/mol is based on
the average experimental error, as reported in ([22]).

According to the classical view, if a mutation destabilizes, then this can lead to
pathological conditions. On the other hand, if it tends to stabilize, there is no
substantial change. However, recent studies are highlighting the possibility that it is
not the sign of G that is correlated with pathological conditions, but rather its
absolute valuej  Gj. Therefore, it is not the direction (destabilizing-stabilizing) of
the mutation that is important, but rather its magnitude. From what has been said
so far, it become clear the importance of being able to accurate predict the change
in stability of a protein following one or more amminoacid substitutions.

2.1.1 G's fundamental properties

Antisymmetry Given a wild-type protein (W) and its mutated version (M) that
di er from each other by a single amino acid at position X, we can calculate the
change in stability due to the substitutionXy ! Xy as  Gwm = Gw Gwm -
Similarly, for the reverse variationXy ! Xy, the magnitude of the change in
Gibbs free energy is the same, with the opposite sign. Thus, the G antisymmetry
property can be summarized as:

Gwwm = Gmw : (2.3)

This property came from the thermodynamics and can be derived by considering
unfolding (U) and folding states (F) of a protein at the equilibrium and by calculating
the Gibbs free energy through the equation 2.1 :
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Hence, by writing the formula both for the direct for the reverse variation and
exploiting the log properties we obtain:
[F] [U]

Gy = RTlOg m = RTIOg ﬁ = Gur: (24)

Finally , given the wild type protein (W) and the mutated one (M), we can obtain
the antisymmetry property:

GWM = RTlOg M RTlOg B = GMW: (25)

Fl w Ul

Transitivity Another fundamental G property is the transitivity [23]. Let A,

B, and C be three protein structures that di er by a single amino acid. Ga, ¢

represents the change in stability for the mutation A C . This free energy change

can be expressed as the sum of the Ga, g due to the A! B mutation and the
Gg: ¢ due to the B! C mutation. Mathematically, this can be written as

Gar c = Gc Ga=( Gc¢ Gg)+( Gg Ga) =

(2.6)
Ggi c + Gar B:

Naturally this property can be extended to N di erent proteins, forming chains of
di erent lengths. The only requirement is that all the quantity are measured under
the same experimental conditions.

2.2 Stability prediction: computational methods,
datasets and evalutation metrics

2.2.1 General overview of prediction algorithms

Various computational methods have been developed so far to predict protein stability
changes, spanning a range of approaches from force eld-based methods to machine
learning models. These methods employ features that can be broadly categorized
into four types:

A

Structural : Includes contacts between residues and distances between primary
atoms.

Sequential : Incorporates evolutionary information such as sequence similarity
and homologies, along with the position of amino acids in the sequence.

Energetic : Considers electrostatic interactions, Van der Waals forces, hydrogen
bonds, and solvation energy.

Molecular : Includes solvent accessibility and identi es hydrophobic and
hydrophilic regions.

Initially, force eld-based methods like FoldX and Monte Carlo based approach such
as Rosetta were predominant, relying on physical free energy functions, by modelling
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the three dimensional structure of the protein. However those kind of methods
su er for intensive computational costs which represent a limit when analysing a
high number of mutations. Consequently, less time-consuming methods such as
PoPMuSIC and CUPSAT were designed. Those kind of methods apply Maxwell-
Boltzmann statistics to estimate atomic interaction propensities from known protein
structures. In particular they include linear combination of functions, often referred
to as statistical potential, in order to model di erent kind of interactions based on
the aminoacid type, torsion angles and solvent accessibility.

In contrast to knowledge-based predictors, thanks to the increasing amount of
available data, machine learning-based methods have gained prominence. Thus, many
machine learning based methods were implemented, such as MAESTRO, DeepDDG,
PremPS, our method ACDC-NN and many others. These predictors exploit di erent
kind of techniques ranging from Random Forest to Gradient Boosting and Neural
Networks. The main peculiarity of ML based approaches consists in modeling the
biophysical principles starting from structures and sequence based features, during the
learning process with less a priori assumptions, revealing unrecognized patterns and
dependencies in the data. However, the accuracy of these tools is highly dependent
on the availability of extensive and diverse experimental training data, which can
also make them prone to over tting and sometimes not easy to interpret in physical
therms.

Despite the progress made in the eld of stability prediction as we will see later
in more detail, most predictors su er from lack of antisimmetry and transitivity.
In addition all predictors have more di culties to predict stabilizing variants than
destabilizing. In the next section we will introduce the commonly used datasets to
better explain the open challenges and discuss possible solutions.

2.2.2 Available Datasets

In recent years, the number of datasets available with experimental measurements
of protein stability changes has increased considerably. Especially starting from

resources such as ProthermDB and ThermoMUTDB, several datasets of variants

with associated DDG have been cleaned and collected. Especially the most used to
train or test machine learning methods are as follows.

~

S2648, which contains 2648 manually curated variants with experimentally
measured G values [24];

VariBench , which contains 1420 manually curated variants with experimen-
tally measured G values [25] extracted from ProTherm;

Broom , which contains 599 variants with experimentally measured G
values[26] ;

Ssym, which is a data set with an equal number of stabilizing and destabilizing
mutations. It contains 684 variations in total, 342 direct variations and 342

reverse variations with both structures available[27]. This feature makes the
dataset particularly useful for testing antisymmetry.

S669, a manually-cleaned dataset extracted from ThermoMutDB ([28]) curated
by our group. We recently extracted 900 variants from ThermoMutDB belong-
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ing to proteins having less than 25% sequence identity with those of S2648 [24]
and VariBench [29], whose union includes almost all variants available. From
the 900 variants we excluded about 24% of them due inconsistencies (e.g.

free energies measured in terms of transition state kinetics, a nity binding,
multiple variants, etc.) and we corrected some variants with wrong sign in

the

" P53 and Myoglobin

G. This datasets is particularly suitable for testing methods that were
trained on the others.

: two small datasets variations of p53 protein [30] and

myoglobin [31] respectively of 42 and 134 mutations

The composition of all the datasets, their intersection and the distribution of their
Gs are reported in Tab.2.1, Fig.2.3 and Fig.2.2, respectively.

Destabilizing Neutral

Stabilizing

S2648 1597 (60%) 755 (29%) 295 (11%)
S669 387 (58%) 195 (29%) 85 (13%)
Ssym 225 (33%) 234 (34%) 225 (33%)
VariBench | 800 (56%) 426 (30%) 194 (14%)
Broom 357 (60%) 171 (28%) 71 (12%)
P53 21 (50%) 19 (45%) 2 (5%)
Myoglobin | 64 (48%) 55 (41%) 15 (11%)

Table 2.1: Datasets composition.  The variants are grouped according to their G
values into three classes: destabilizing ( G 0:5 kcal/mol), neutral (] Gj< 05
kcal/mol) and stabilizing ( G 05 kcal/mol). The corresponding percentages are
reported into brackets.

2.2.3 Prediction assessment: performance metrics and open
problems

Performance evaluation The most common metrics used to evaluate the perfor-
mance of the computational methods are the Pearson correlation coe cient (indicated
by r), the root mean square error (RMSE) and the mean absolute error (MAE).These
metrics measures the accordance between the predicted and observedG values.
They are de ned as:

C exp- pred
p CM G G 2.7)
v Gexp Ghred
u
u X
ﬁ ( G;—:‘xp Gipred)z
RMSE = = N (2.8)
X
A
MAE = = 2,
N (2.9)

where Cov is the covariance matrix, represents the standard deviation andN is

the number of total variants.
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Figure 2.2: Distribution of the experimental G (kcal/mol) values in the Ssym, S669,
S2648, Broom, VariBench, P53 and Myoglobin datasets.

However, as already pointed out, predictors should not only be accurate based on
the above metrics, but they should also respect the thermodynamics property of
antisymmetry. To assess this property two scoring indices were generally adopted:
rq r andhi. rq , is the Pearson correlation coe cient between the direct and the
corresponding reverse variations:

dir . rev
g,z oM G G (2.10)

dir rev

To measure the average bias towards a speci c class, thes scoreh i is adopted,

de ned as:
X\l dir rev
( G"+ G*)

L=l .
hi= o~ : (2.11)

As shown in gure 2.2, all the datasets are strongly unbalanced towards the
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Figure 2.3: Heatmap showing the percentage of shared variants among the presented
datasets

destabilizing class; consequently most of predictors su ers of high bias and very low
antisimmetry. A perfectly antisymmetric method should havery , equal to -1 and
hi equal to 0.

Upper and lower bounds for performance metrics Given the distribution

of the experimental  Gs and the range of experimental errors, it is possible to
compute upper and lower bound for performance metrics. In particular in [20,
21], aut|30rs show that these bounds depend on the average variance of the data

2= W i 2 where ? is the uncertainty associated with each B point and
on the varlance of the distribution of the real G values, 3z = = (i )%

which depend only on the G values in a speci ¢ dataset. Hence, the theoretical
estimation for the pearson correlation coe cient ) is lower than 1. The formula is:

2
hri = %; (2.12)
DB

This means that the theoretical value critically depends on both the average
uncertainty of the data (72) and the spread of the dataset used &3 ).

Authors also derived a lower bound for the Root Mean Square Error (RMSE):

HRMSEi = P (2.13)

Figure 2.4 shows the Pearson correlation coe cient vs (72) for dierent ( 33)
values: :

All the presented datasets have apg < 2, thus leading to an upper bound in the
range of 0.70-0.85 to the Pearson correlation and a lower bound of about 1 kcal/mol
for the root mean square error.
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Figure 2.4

The burden of sequence identity When assessing performance of protein
stability predictor, it is essential to consider the evolutionary links between proteins
in the training and test sets. While proteins may di er in sequence, they can still
be functionally or evolutionarily related, termed as homologs. Thus, to take this
e ect into account we use a 25% sequence identity cut-o to ensure that no two
proteins across the data splits share more than a quarter of their amino acid sequences.
Unfortunately, many existing tools neglect this step during the evaluation, potentially
leading to overly optimistic results. In fact, it is crucial to consider sequence similarity
also during cross-validation to obtain a more realistic error estimate. By ignoring it
can result in a improper model training and can mask over tting because the test set
is not truly independent. Therefore, applying the 25% sequence identity threshold
or a similar metric during the cross-validation process can help in generating a more
robust and generalizable model.

Datasets biases As already shown in Table 2.1 and Fig.2.2, the most common
datasets used for training are highly unbalanced towards the destabilizing variants.
This bias in the data can propagate into the predictive models, making them more
inclined to classify mutations as destabilizing. For instance, a model trained on
a dataset where 80% of mutations are destabilizing is likely to incorrectly label
most mutations in that manner. This a ects both classi cation (sign of G)
and regression (value of G) tasks. To mitigate this e ect, recent computational
approaches either inherently account for this imbalance with an appropriate loss
function or arti cially balance the dataset by introducing reverse variants. The
antisimmetry 2.3 and bias 2.11 measures are good metrics to assess if predictors are
correctly balanced.

Another source of bias in predictive models comes from the speci ¢ amino acids
involved in mutations [32]. Alanine-related mutations are over-represented because
many studies employ alanine scanning to assess individual residue contributions to
protein stability. On the other hand, mutations involving amino acids like tryptophan,
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