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Abstract

Precision medicine aims to provide personalized patient care using
genetic data. However, interpreting the phenotypic consequences of
genetic variants remains a bottleneck in both clinical and research
settings. Computational methods available mostly focus on predicting the
binary impact of protein sequence variants (benign/pathogenic). Despite
their high predictive power, there still are limitations that affect their
reliability. New research efforts are made for approaching the variant
prediction problem from a completely different angle: continuous
prediction of the molecular impact of variants comparable to the

functional assay values.

The work in this thesis belongs to this new paradigm. We start by
reviewing the status of the pathogenicity predictors to understand their
nature, progress, and limitations. We follow this review by focusing on
prediction models for two important tumor suppressor genes involved in
hereditary breast and ovarian cancers: BRCA1 and BRCA2. We
developed two protein-specific predictors for BRCA1 and BRCA2
proteins trying several regression techniques. Using a small set of
features and training sets, we show the potential of regression
approaches for addressing the prediction of the quantitative impact of

variants.

These studies led to the main goal of this thesis project: the development
of a novel approach for predicting the clinical impact of missense variants
based on a fundamental formulation of the problem. First, we train a
series of 30 protein-specific regression models using the deep mutational
scanning experiments available in the literature and a set of sequence-
and structure (AlphaFold)-based input features. We show that our

models’ performances display significant predictive ability.
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Second, we extend this protein-specific approach to the clinical genome
by developing a general Ensemble Learning based-predictor. For a given
variant, this model combines the predictions of a set of representative
protein-specific predictors by simply taking their medians. When
compared against predictors with similar nature, such as ENVISION, our
model showed higher Pearson’s correlations for most of the cases in our

dataset.

Lastly, we address the final goal of the project: generating binary
outcomes from our Ensemble model. The result was subject to a rigorous
testing of the resulting methodology in an independent validation dataset
against top ranking in silico tools in the field. We see that our
methodology reaches a predictive level comparable to that of established
binary methods, like REVEL or others. In summary, we show that our
approach can be useful for predicting the molecular impact of variants
and their potential binary status while keeping a high potential for

interpretability.



Resumen

La medicina de precision tiene como objetivo brindar atencion
personalizada al paciente usando datos genéticos. Sin embargo,
interpretar las consecuencias fenotipicas de las variantes genéticas
sigue siendo un obstaculo tanto en el ambito clinico como en el de
investigacion. Los métodos computacionales actuales se centran
principalmente en predecir el impacto binario (benigna/patégenica) de
las variantes de la secuencia de las proteinas. Pero a pesar de su alto
poder predictivo, todavia existen limitaciones que afectan a su fiabilidad.
Por ello, se estan realizando nuevos esfuerzos de investigacion para
abordar el problema de la prediccién de variantes desde un angulo
diferente: obtener una prediccién continua del impacto molecular de

variantes comparable a los valores de los ensayos funcionales.

El trabajo de esta tesis pertenece a este nuevo paradigma.
Comenzamos revisando el estado de los predictores de patogenicidad
para comprender su naturaleza, progreso y limitaciones. Continuamos
esta revisidbn centrandonos en los modelos de prediccion de dos
importantes genes supresores de tumores implicados en el cancer de
mama y de ovario hereditario: BRCA1 y BRCA2. Finalmente,
desarrollamos dos predictores especificos de proteinas para BRCA1 y
BRCAZ2 probando varias técnicas de regresion. Utilizando un pequefio
conjunto de caracteristicas descriptivas y conjuntos de entrenamiento,
mostramos el potencial de las técnicas de regresion para abordar la

prediccion del impacto cuantitativo de las variantes.

Estos estudios me prepararon para abordar el principal objetivo de esta
tesis: el desarrollo de una nueva aproximacién para predecir el impacto
clinico de las variantes sin sentido basado en una formulacion

fundamental del problema. Primero, entrenamos una serie de 30
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modelos de regresion especificos de proteinas utilizando los
experimentos de escaneo mutacional profundo disponibles en la
literatura y un conjunto de caracteristicas descriptivas basadas en
secuencia y estructura (AlphaFold). A continuacién, mostramos que

nuestros modelos tienen una mayor y significativa capacidad predictiva.

En segundo lugar, ampliamos esta aproximacion especifica de proteinas
al genoma clinico mediante el desarrollo de un predictor general tipo
Ensemble. Para una variante determinada, este modelo combina las
predicciones de un conjunto de predictores especificos de proteinas
representativos simplemente tomando sus medianas. En comparacion
con predictores de naturaleza similar, como ENVISION, nuestro modelo
mostro mejores correlaciones de Pearson para la mayoria de los casos

de nuestro conjunto de datos.

Por ultimo, abordamos el objetivo final del proyecto: generar una
prediccion binaria a partir de nuestro modelo Ensemble. Evaluamos
dichas predicciones con un riguroso test con un conjunto de datos de
validacion independiente y lo comparamos con las mejores herramientas
in silico del campo. Los resultados nos muestran que nuestra
metodologia alcanza un nivel predictivo comparable al de los métodos
binarios establecidos, como REVEL u otros. En resumen, mostramos
que nuestra aproximacion puede ser util para predecir el impacto
molecular de las variantes y su correspondiente estado binario,

manteniendo un alto potencial de interpretabilidad.
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Introduction






1.1. Precision Medicine

Precision medicine (PM) is a novel approach in healthcare that has
improved with recent technological advancements in medicine and
biomedical research (Emmert-Streib and Dehmer, 2018; Maceachern
and Forkert, 2021). The goal in PM is to make individually tailored,
precise clinical decisions for patients to cover disease prevention,
diagnosis, and treatment (Gomez-Lopez et al., 2017; Leén and Pastor,
2021). It achieves this by integrating multiple sources of evidence from
genetic, molecular, and clinical data to electronic health records and
lifestyle information (Gomez-Lopez et al., 2017; Carretero-Puche et al.,
2020; Leodn and Pastor, 2021). The increasing amount of biological data
that can be obtained for patients, as well as improvements in
bioinformatics has opened the way for PM to gain more interest in both
research and clinical applications (Ho et al., 2019; Maceachern and
Forkert, 2021). PM is expected to have growing impact in various areas
of healthcare (Denny and Collins, 2021) due to its advantages such as
medication effectiveness based on genetic profile, early diagnosis, better
disease management, low cost with optimized therapeutic solutions, etc.
(Frohlich et al., 2018)

Apart from using a broad spectrum of experimental techniques, the
utilization of Atrtificial Intelligence (Al) techniques is an integral part of
PM, as these computational methodologies are appropriate to handle the
large amount of heterogeneous data required to aid in clinical decisions
(Carretero-Puche et al., 2020). Several Al-based tools are being studied
for their application in various medical settings (Martinez-Garcia and
Hernandez-Lemus, 2022). For instance, in image-based diagnosis, Al-
assisted automated methods have shown high success rates in early

identification of incorrectly placed endotracheal tubes (Lakhani, Flanders
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and Gorniak, 2021); aided in the detection of pulmonary nodules from
tomography scans (Ginneken, 2015); predicting disease progression
(Baptista, Ferreira and Rocha, 2021); sensor-enabled tracking systems
(wearables, GPS sensors) are utilized to enhance the physico-medical
assistance to dementia patients and reducing health risks(Ray, Dash and
De, 2019); deep convolutional neural networks are developed to
distinguish between malignant and benign skin lesions to increase
diagnostic accuracy (Esteva et al., 2017), etc. These examples, and
many others (Yu, Beam and Kohane, 2018; Ahmed et al., 2020;
Subramanian et al., 2020) show how Al can effectively contribute to the

PM approach, (Figure 1.1).
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data collection from Al-assisted data modeling, individualized treatment, data
various sources processing, decision taking integration to precision medicine

Figure 1.1: Progression from genotype to phenotype in precision medicine
through Atrtificial Intelligence (Al) / Machine Learning (ML) modeling. Figure
is adapted from Martinez-Garcia et al. (2022).

Conceptually, PM is based on an in-depth exploration of the genotype-to-
phenotype relationship, enabling medical decision-making based on the
unique characteristics of each patient (Chen and Snyder, 2013; Dai and
Shen, 2022). It utilizes genomic information to identify the factors that
predispose individuals to specific disease phenotypes (Fernald et al.,
2011; Subramanian et al., 2020). In hereditary diseases, the first step in
understanding a disease phenotype is the characterization of the impact

of genetic variants which can introduce significant alterations in protein
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function (Wong et al., 2021). Usually, this is done through a combination
of experimental and computational evidence (e.g., functional assays, in
silico predictions etc.) (Chen, Hu and Shen, 2015; Richards et al., 2015;
Vihinen, 2021). However, this annotation problem is complex and
remains unsolved (Hoskinson, Dubuc and Mason-Suares, 2017). To aid
in the identification of variants’ clinical impacts, computational tools (also
referred as in silico tools, or pathogenicity predictors) have been
developed to tackle this problem in a fast and cost-efficient manner
(Kumar, Henikoff and Ng, 2009; Adzhubei et al., 2010; Kircher et al.,
2014), taking advantage of the growing advances in Machine Learning
(ML). In the following sections, we will gradually go through the
computational approaches developed to address this problem (known as
the in silico variant interpretation problem), focusing on the case of
missense variants, or variants that introduce an amino acid replacement

in the protein sequence.

1.2. Molecular impact of protein sequence variants on

protein function and structure

Single nucleotide variants (SNVs) are commonly observed changes in
the coding or non-coding region of the genome’s DNA (Petrosino et al.,
2021). Their phenotypical consequences follow different rules due to the
different biological processes underlying them. Missense variants are the
result of single base changes in the coding region that result in the
substitution of an amino acid in the protein sequence (Ng and Henikoff,
2006), and they constitute 38% of the variants identified in single-gene
disorders (Landrum et al., 2016). Pathogenic missense variants can
affect a broad variety of biological processes, including mislocalization,

disruption of a protein’s catalytic activity, aggregation, or degradation etc.
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(Vihinen, 2021) (Figure 1.2). However, understanding their molecular
impact is a difficult problem, as they can produce a wide range of
possible effects (Raraigh et al., 2018) and this interpretation relies on
factors like specific location within the protein, the nature of the amino
acid change, and other related properties of the variant (Arbiza et al.,
2006; Kumar et al., 2009; Cooper et al., 2010).

( N~
5 T
%) N }
ATGGCCGCA... MAAVILE AN e e DEHDX..
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Figure 1.2: Examples of protein functional effects due to missense
variants. Example mechanisms that protein function is affected are written in

blue. Figure is adapted from Vihinen et al. 2021.

If the function of the variant carrier protein is known a priori, in vitro
mutagenesis or functional assays can be employed to evaluate the
effects of the variants (Antonarakis and Cooper, 2018). In some cases,
these assays serve as a valuable tool to understand the molecular
impact of variants. For example, in the study of Starita et al. (2015) they
measure the ability of nearly 2000 missense variants in BRCA1 gene to
rescue homology-directed repair assay, a mechanism essential for tumor
suppression. Generally, these assays may offer insights into protein
function, stability, evolutionary trajectories, and effect of the variants on
intermediate level phenotypes (Gupta and Varadarajan, 2018). However,
the reach of functional assays is limited, for the moment, to a small

number of genes and variants (Starita et al., 2017; Raraigh et al., 2018).



1.2. Molecular impact of protein sequence variants on protein function and structure

Available data indicate that a fundamental approach to the analysis of
variants could provide a solution to the variant interpretation problem
(Bepler and Berger, 2021). Indeed, structural information can importantly
contribute to understand the molecular impact of missense variants. For
example, we know that sequence changes can alter protein function
through various ways, including induction of abnormal protein-protein
interactions (Schuster-Béckler and Bateman, 2008; Navio et al., 2019),
disruption of native interactions like hydrogen bonds, salt bridges or
disulfide bonds (Steward et al., 2003; Gong and Blundell, 2010), loss of
post-translational modification sites (Shuyan et al., 2010), etc. In general,
we find that understanding these changes as well as their repercussions
on the energetics and dynamics of the protein could then provide a better
understanding on how they affect protein’s cellular fate (Bhattacharya et
al., 2017). Important advances in this direction have taken place in the
last years using calculations of physics-based energy functions or
molecular dynamics simulations (Jordan, Ramensky and Sunyaev, 2010;
Galano-Frutos, Garcia-Cebollada and Sancho, 2019). However, the
computational costs involved still limit the use of this fundamental

approach as well.

Starting in 2000s (Ng and Henikoff, 2001), a third alternative to the
interpretation of missense variants has appeared, providing in silico
pathogenicity predictors that are based on the combination of different
sources of biological information and computational algorithms mostly
borrowed from the ML field (Nicora et al., 2022). The following sections

are devoted to present the state-of-the art in this research area.
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1.3. Computational prediction of variant effects

ML is an algorithmic approach that allows machines to learn from data to
obtain statistical models and extract meaningful information without being
explicitly programmed (Deo, 2015; Azodi, Tang and Shiu, 2020). It has
been utilized in development of computational tools to provide rapid,
scalable predictors of the effect of the genetic variations and, more
recently, of their molecular impacts on the phenotypes (Goecks et al.,
2020; Livesey and Marsh, 2020). Two common approaches that ML
encompasses are: (i) supervised learning, which involves labeled data for
specific outcomes; and (ii) unsupervised learning, which focuses on
identifying patterns or groups in unlabeled data (Wainberg et al., 2018).
In this thesis, we primarily concentrate on supervised learning, which is a
widely used approach in missense variant interpretation, and also utilized

in this thesis.

The workflow for developing a supervised ML model follows four
conceptually simple steps (Figure 1.3). Each step is explained below

briefly for the case of variant pathogenicity prediction.

DATA FEATURE MODEL PERFORMANCE
RETRIEVAL ENGINEERING BUILDING ESTIMATION

Figure 1.3: Main steps of creating a supervised ML tool. The boxes describe

the process followed in the creation of pathogenicity predictors.
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T Data retrieval: Gathering relevant data for the pathogenicity

prediction problem. Predictors are trained using datasets made of
instances that reflect the classification task of interest, e.g. sets of
pathogenic and benign variants for variant classification (Igbal et al.,
2020).

Feature engineering: Identifying features discriminating between
variant types. During this step, the data are labeled with features that
are relevant to the problem of interest. Pathogenicity predictors
usually utilize properties such as evolutionary conservation,
physicochemical properties, or structural properties of a geometric
nature, like solvent accessibility, and others of a biophysical/
biochemical nature, like stability, pattern of protein-protein
interactions, (Gyulkhandanyan et al., 2020; Yazar and Ozbek, 2021),
etc.

Model building: Constructing the model using the feature-labeled
dataset. During this step, an appropriate mathematical function is
chosen and the model is trained using the dataset (Azodi, Tang and
Shiu, 2020; Lo Vercio et al., 2020). This choice of the function is
determined by our understanding of the problem. In certain cases,
such as variant pathogenic prediction, with comprehensive
knowledge of the underlying biology, biophysics, and biochemistry of
the problem, our decision-making is informed by this expertise.
Subsequently, the ML tool facilitates the generation of a numerical
model through the training process.

Performance estimation: In this step, the success rate of the trained
model is estimated on new instances. This is done by comparing
observations and predictions for a set of variants not used in the
model’s derivation. The performance metrics used depends on the

type of problem, e.g., in pathogenicity prediction most used metrics
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are sensitivity, specificity, accuracy, precision (Niroula and Vihinen,
2016; Azodi, Tang and Shiu, 2020) etc. Usually, this performance is
compared to that of other tools in the field (Yu, Beam and Kohane,
2018).

The previous four-step scheme is divided into two groups, depending on
the prediction target (K. Mazandu et al., 2019): (i) classification and (ii)
regression. In classification, the prediction target is categorical (Goecks
et al., 2020): e.g., clinical outcome of a variant (pathogen or benign), a
disease status (disease versus healthy) (Lo Vercio et al., 2020),etc. On
the other hand, in regression, the prediction target is a numerical,
quantitative variable (Masica and Karchin, 2016; Azodi, Tang and Shiu,
2020): e.g., blood pressure (Hsieh et al., 2016), the strength of response
to therapy (Su et al., 2020), medication dosage (Nguyen et al., 2021), the
functional assay value (Gray et al., 2018) etc. Both classification and
regression models are trained following the same framework described in
Figure 1.3. The main difference is that the mathematical function used to
build the model is different, as well as the performance estimators. In the
following sections, we review the two approaches to pathogenicity
prediction in more detail: first, binary classifiers and second, regression

models.

1.4. Pathogenicity prediction and interpretation of

genetic variants for the binary outcomes

Pathogenicity predictors (or classifiers) for the binary (benign/pathogenic)
interpretation of missense variants have been rapidly progressing in
recent years (Nicora et al., 2022). They are relatively easy to develop,

cost-efficient, can handle large amounts of complex data; and have

10



1.4. Pathogenicity prediction and interpretation of genetic variants for the binary outcomes

potential to identify which patients are at risk for certain diseases and
may benefit from specific treatments (Vihinen, 2020), as desired in the

precision medicine field (Ho et al., 2019).

There are many pathogenicity predictors presently available (Ghosh, Oak
and Plon, 2017; Hu et al., 2019; Ozkan et al., 2021; Liu et al., 2022).
They vary in their methodologies (summarized in Katsonis et al., 2022,
Table 1): combination of different features (e.g., sequence conservation
(Adzhubei et al., 2010), multiple sequence alignment (Shihab et al.,
2013), structure (Yue and Moult, 2006)); choice of algorithm (e.g.,
Random Forest (Niroula, Urolagin and Vihinen, 2015), Neural Network
(Sundaram et al., 2018), Bayes classifier (Schwarz et al., 2014)),
inclusion of multiple tools (also called ensemble predictors, or

metapredictors (loannidis et al., 2016)) etc.

The application of pathogenicity predictors is valuable in clinical and
research settings, especially in cases where genetic or functional
evidence is lacking (Pejaver et al., 2022). According to the work of
Amendola et al. (2016), 55% of the variants studied on a total of nine
laboratories used computational tools for the interpretation of the
variants, showing how handy these tools can be in the clinical settings. In
fact, the American College of Medical Genetics and Genomics and the
Association for Molecular Pathology (ACMG/AMP) guidelines
recommend the usage of pathogenicity predictors as supporting
evidence for variant interpretation (Richards et al., 2015). More effort has
been made in this direction to improve the usage of these tools in the
clinical setting (Azodi, Tang and Shiu, 2020; Cubuk et al., 2021; Pejaver
et al., 2022).

11
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In summary, the binary prediction of a variant’s impact aims to provide a
fast, accurate solution to the problem of assigning a clinical outcome to
the variants. The accuracy of this approach has yet to improve, but there
is a growing effort in this direction. Description of the pathogenicity
predictors and their performances are discussed in depth in The
computational approach to the variant interpretation: principles,
results, and applicability chapter of this thesis. Here, we provide an
overview on how they define the problem, commonly used algorithms,

evaluation parameters and the limitations they face.
1.4.1. Defining the binary variant interpretation problem

According to the ACMG/AMP guidelines, genetic variants for Mendelian
disorders are categorized into five classes regarding their clinical
impacts: pathogenic, likely pathogenic, variant of uncertain significance
(VUS), likely benign, or benign (Richards et al., 2015). In the case of
pathogenicity predictors, they usually address the variant interpretation
problem as a classification task where the goal is to provide a binary

estimate of the impact of variants as pathogenic or benign.

1.4.2. Building the model for pathogenicity prediction

In supervised learning, the pathogenicity prediction problem is
implemented through classification models, in which the prediction output
is a probability of being pathogenic or benign (Malley, Malley and
Pajevic, 2011). This probability is subsequently discretized using a
threshold (a value of 0.5 is normally used). The variants are
characterized by several discriminant features (Azodi, Tang and Shiu,
2020). During training, the model learns the patterns and relationships
between variant features and their corresponding binary labels. Some of

the most frequently used classification algorithms are listed below:
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[l Logistic Regression, is a linear model that learns the weights
associated with each feature, applies a logistic function to transform
the linear combination of features into binary predictions (Malley,
Malley and Pajevic, 2011).

[ Random Forest, is an ensemble model that is based on
classification and regression trees (Breiman, 2001). The algorithm
grows trees by recursively splitting data, based on different features,
to maximize the separation between two labels. In the end, the final
decision is based on a majority vote of predictions from all trees.

1 Neural network, is an algorithm that consists of interconnected
layers of nodes, that process and transform the input data (Malley,
Malley and Pajevic, 2011; Musolf et al., 2022). The model learns the
weights and biases associated with each connection between nodes
and passes the data through the network to adjust parameters, and
give predictions.

71 Support vector machines (SVM), draws a hyperplane between the
two classes, aiming to separate them with the largest distance from
the hyperplane (in the case of binary prediction) (Malley, Malley and
Pajevic, 2011).

Overall, the classification algorithms work through complex technical
calculations, except for the Logistic Regression, where the input enters
and is transformed into the output without much transparency about how
this has happened (Rudin, 2019; Igbal et al., 2020). To alleviate this
problem, most of the algorithms provide feature importance values to
clarify which features contribute more to the decisions the machine

makes (Eraslan et al., 2019).
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1.4.3. Parameters for evaluating classification performance

The performance of pathogenicity predictors can be evaluated using
numerous parameters (Vihinen, 2012). Given that the predictions are
binary, the raw prediction results in a test sample are often displayed in a
confusion matrix (Niroula and Vihinen, 2016) (Figure 1.4), which

presents the following parameters:

0 true positives (TP), the cases when the model correctly predicts that
a variant is pathogenic.

0 true negatives (TN), the cases when the model correctly predicts that
a variant is benign.

01 false positives (FP), the cases when the model incorrectly predicts a
benign variant as pathogenic.

[ false negatives (FN), the cases when the model incorrectly predicts a

pathogenic variant as benign.
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Figure 1.4: Confusion matrix used in the evaluation of pathogenicity
predictors. This matrix provides four descriptors: true positive (TP), true
negative (TN), false positive (FP) and false negative (FN).
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The elements of the confusion matrix are then used for calculating more
informative parameters. Below we describe the most frequently used
performance measures, which are used to evaluate the performance of a

model on a dataset of known pathogenic and benign variants.

Sensitivity, also called true positive rate (TPR) or recall, is the ratio of
the number of correctly predicted pathogenic variants divided by total

number of pathogenic cases in the dataset:

TP

Sensitivity = TP+—F1V

Specificity, also called true negative rate (TNR), is the ratio of the
number of correctly predicted benign variants divided by the total number

of actual benign cases in the dataset:

TN

Sp€CifiCity = m

Positive prediction value (PPV), also called precision, is the fraction of
true pathogenic predictions among all pathogenic predictions made. It is
a measure of how a pathogenic prediction is likely to be a true positive.
Higher PPV indicates a pathogenic prediction is more likely to be a true
positive, and low PPV indicates that a pathogenic prediction is more

likely to be a false positive. The formula of PPV is:

Positive predictive value (PPV) = TP+ FP
Negative prediction value (NPV) is the fraction of true benign
predictions among all benign predictions made. It is a measure of how a
benign prediction result is likely to be a true negative. The formula of
NPV is:

15
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Negative predictive value (NPV) = TN+ FN

Accuracy is the ratio of correct predictions divided by the total number of

predictions made:

TP+TN
TP+FP+FN+TN

Accuracy =

Area Under the receiver operating characteristic Curve (AUC or
ROC AUC), is an average measure of the success rate of a predictor.
The ROC curve shows the tradeoff between sensitivity and specificity
parameters, and AUC is the measure of the area under this curve. An

example of ROC curve and AUC is shown in Figure 1.5.

—_

Sensitivity (TPR)

o

0 1-Specificity (FPR) 1

Figure 1.5: Area under the receiver operating characteristic curve (AUC).
The dashed area under the blue curve indicates the AUC for a given model. x
and y axes show the false positive rate (FPR, also equal to 1-specificity) and
true positive rate (TPR, also equal to sensitivity), respectively. The orange line
shows how the ROC curve would look if a perfect model is obtained, whereas
the black dashed line corresponds to a random model. Adapted from Niroula
and Vihinen, 2016.
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1.4. Pathogenicity prediction and interpretation of genetic variants for the binary outcomes

The parameters described above range from 0 to 1. In all measures,
higher values indicate better performance, whereas the middle value 0.5
indicates a random behavior. These parameters are useful to evaluate
the behavior of the model from different points of view. However, they
should be carefully examined as they can give overoptimistic evaluations
when the distribution of pathogenic and benign variants in the dataset
are very different (Vihinen, 2012; Chicco and Jurman, 2020).

Matthews correlation coefficient (MCC), is a balanced measure of
correlation between predictions and true cases. It is considered to be a
good performance measure (Chicco and Jurman, 2020) because it only
gives a higher score when all four descriptors give good results (high TP
and TN, low FP and FN) (Chicco and Jurman, 2020). The formula of
MCC is:

TP-TN — FP -FN

MCC =
J@TP +FN)-(TN + FP)-(TP + FP)-(TN + FN)

It ranges from -1 to 1; where -1 indicates complete disagreement, 0
indicates random predictions, and 1 indicates complete agreement of

predictions with true cases.

1.4.4. Limitations and challenges in pathogenicity prediction

Despite their success rates and improvements, pathogenicity prediction
tools have several limitations. One of them is their black-box nature
(Rudin, 2019), which prevents our understanding of how a prediction is
obtained. In other words, the lack of biophysical/biochemical
interpretability of pathogenicity predictors hinders our ability to

comprehend why predictions are made for a given variant (Igbal et al.,
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2020). Consequently, this situation decreases the trust in pathogenicity
predictors among healthcare professionals (Fogel and Kvedar, 2018;
Petch, Di and Nelson, 2022). Additionally, related to this issue is the fact
that the results are difficult to relate to a mechanistic view of a variant’s
impact. By predicting variants as pathogenic or benign, these tools skip
the complex pathway going from the molecular effect to the clinical
phenotype (Gray et al., 2018; Vihinen, 2020). Another important concern
is the discrepancy between pathogenicity predictors which results in
more difficult decision making, due to conflicting interpretations of
variants from different tools (Ghosh, Oak and Plon, 2017; Sun and Yu,
2019). In summary, even with the vast amount of classification tools, we
still need prediction tools for improving our understanding of how variants
contribute to the molecular mechanisms of disease and lead to the

clinical phenotype.

1.5. Quantitative prediction of the molecular impact

of genetic variants

Functional assays are informative mutational analyses that allow us to
understand the impact of individual variants at the biochemical level in an
in vitro system (Botstein and Shortle, 1985), to study their effect on
structure, general function, or specific interactions (Findlay, 2021). In line
with this, the ACMG/AMP guidelines has approved the possibility of using
robust and thoroughly verified experimental assays as strong evidence of
pathogenicity (Richards et al., 2015). However, given that these laborious
experiments are done one-by-one for a limited number of variants, it is
not a feasible method to study the effects of the large number of genetic
variants that are regularly identified (Gasperini, Starita and Shendure,

2016). In recent years, to overcome this limitation, high-throughput
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1.5. Quantitative prediction of the molecular impact of genetic variants

sequencing techniques like deep mutational scanning (DMS) assays
(Fowler and Fields, 2014), have emerged as a powerful option to
measure the impact of variants on protein function at a large scale. DMS
experiments enable the comprehensive quantification of the functional
consequences of all possible amino acid changes in a single experiment

(Figure 1.6), thus providing significant insights on protein function.

Library of variants Growth rate linked to Assessing fitness through | | Fitness landscape for
for gene-of-interest fitness in transformed cells quantitative sequencing protein-of-interest

ool

1 (wt)

tness

F

Variant 0 (null)

Figure 1.6: Workflow of deep mutational scanning assay experiment. A
DMS experiment consists of four main steps: (i) generating library of variants
cloning them into expression vectors; (ii) growth of vectors in host cells; (iij)
measuring the variant fitness with quantitative sequencing; and (iv) calculation of

the fitness values. wt: wild-type. Figure adapted from Livesey et al. (2022).

DMS assays are starting to gain importance in clinical applications for the
interpretation of sequence variants (Gasperini, Starita and Shendure,
2016; Gelman et al., 2019; Stein et al., 2019). These assays can
characterize variants more in accordance with the growing view of
disease as a continuum that varies between patients (Sarkar, Yang and

Vihinen, 2020); which goes beyond binary characterization of variants.

Yet, the analysis and interpretation of the outcomes of these large-scale
assays is not always simple: it is influenced by factors such as the quality
of the experimental design, selection criteria, and data processing
methodologies (Faure et al., 2020; Mehlhoff and Ostermeier, 2020).

Additionally, if we are thinking in generalized clinical applications, we
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cannot still comprehensively analyze all possible variants of all the
proteins of the clinical genome using DMS. In these circumstances, ML
methods have recently appeared as a promising option in the
quantitative characterization of protein variants (Gray et al., 2018). This
new generation of tools leverage information from existing DMS
experiments and combine it with different variant descriptors, in a way
analogous to binary classifiers, to build predictive models of the
molecular impact of variants. Due to their relatively low computational
cost, these tools can provide impact predictions for massive numbers of
variants in relatively little time. Continuous predictions can, a priori,
enable more accurate assessments of pathogenicity and a deeper
comprehension of the relationship between genotype and phenotype
(Masica and Karchin, 2016). Furthermore, these estimates can always be
binarized, when required, using cut-off values. This allows for the easy

integration of the assay results into existing clinical decision frameworks.

In summary, the quantitative prediction of the molecular impact of
missense variants is becoming a valuable and feasible goal nowadays,
with important consequences for the clinical interpretation of variants. In
this section, we explore the application of regression models to this

problem, describing their performance and challenges.

1.5.1. Defining the prediction problem

The goal of quantitative (continuous) prediction is to provide a numerical
(or non-categorical) estimate of the impact of variants on protein function.
In other words, the goal is to obtain a continuous score estimate, which
can vary within a certain range that can be normalized (e.g., restricting its
variation between 0 and 1) to simplify the comparison or integration of

results between different proteins.
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1.5.2. Building the model for continuous prediction

When the dependent variable in a prediction problem is continuous,
regression models are commonly employed (Lo Vercio et al., 2020).
These models work by finding a line, or a plane (in multidimensional
regressions), that minimizes the differences between the predicted and
observed values of the dependent variable. During this minimization

process, the weights of the different features in the model are estimated.

Regression models range from simplistic to more complex (Hastie et al.,
2009; Malley, Malley and Pajevic, 2011). Simplistic algorithms like Linear
regression and multiple linear regression establish a linear
relationship between the dependent variable (target) and the input

features (independent variables) (Hastie et al., 2009):

y= BO+le1+"'+ ﬁnxn'l' €

where vy is the dependent variable, S,is the intercept (slope of the line), ;
is the coefficient (or weight) for the i-th feature, n is the total number of
independent variables, the x; are the independent variables, and ¢ is the

estimated error.

Complex regression models (Hastie et al., 2009), such as Ridge, Lasso,
Elastic, etc., introduce regularization techniques by adding penalty terms
to control for overfitting, balancing model complexity, thus improving the
robustness of the model. The choice of which regression approach works
best usually depends on several factors in the dataset, such as the

complexity of the target data and the number of features, etc.

In the context of variant impact prediction, even the simplistic regression

models may provide interpretable predictions, where the contribution of
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the different features or the relationship between them and the target is
easier to understand. Therefore, these models may alleviate the black

box problem observed in binary classifiers (Sruthi and Prakash, 2021).

1.5.3. Parameters for evaluating the performance

Two measures commonly used to evaluate the performance of
regression models are the Pearson correlation coefficient and the
Spearman rank correlation coefficient (Winter, Gosling and Potter, 2016),

which can be described as follows:

The Pearson correlation coefficient is a measure of the linear
relationship between observations and predictions. It ranges from -1 to 1:
a value of -1 indicates an exact, decreasing, linear relationship; 0
indicates no correlation; and 1 indicates an exact, increasing, linear

relationship.

The Spearman rank correlation coefficient is a nonparametric
measure of the monotonic relationship between observed and predicted
values. It is based on the rank order of the observations, rather than on
their actual numerical values. It also varies between -1 and 1, with
related interpretations to the Pearson correlation coefficient: -1 indicates
that predicted ranks for the sample elements is opposite to that obtained

with the observed values; 1 indicates that both rankings are same.

The two metrics have their own specific use cases and can be helpful for
different types of machine learning problems (Winter, Gosling and Potter,
2016). We may use the Pearson correlation coefficient to evaluate how
well a linear regression model fits the data, and Spearman rank

correlation coefficient to evaluate the ranking power of the predictions.
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1.5.4. Predictors in the field: sequence- vs. theory-driven

predictors

There has been a growing interest in computational tools for quantitative
variant effect prediction in recent years (Gray et al., 2018; Riesselman,
Ingraham and Marks, 2018; Luo et al., 2021). Broadly, these tools can be

categorized into two groups: sequence-based and theory-based.

Sequence-based predictors use only protein sequence information to
derive predictive features. They utilize evolutionary information from
related sequences to extract sequence-specific properties such as the
composition, conservation, constraints, etc., to predict damaging or
tolerable variant impacts. As they are (mostly) unsupervised, they do not
rely on experimental or clinically labeled data and are applicable to a
wide range of proteins and variants (Xu et al., 2019). Several tools have
been developed with this philosophy to tackle the sequence-to-function
problem (Hopf et al., 2017; Riesselman, Ingraham and Marks, 2018;
Frazer et al., 2021; Luo et al., 2021). A recent example of a successful
sequence-based prediction tool is EVE (Frazer et al., 2021), a variant
effect predictor using only the distribution of sequences across species.
The model learns from the amino acid distributions, and the relationship
between positions in a clinical label-free manner and predicts both a
continuous score and binary class for the variants. Their predictor
outperforms several pathogenicity predictors and has large Spearman
correlations with high-throughput experimental data (Frazer et al., 2021).
Another example is ECNet, a predictor that also uses a “biologically
motivated sequence modeling” approach to predict functional scores for
the variants (Luo et al., 2021). Their model incorporates both local and
global evolutionary representations to capture the co-evolutionary

relationship of the residues as well as structure and stability-related
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properties. When they benchmarked their tool using DMS data, their
model outperforms several ML tools (Luo et al., 2021). Overall, although
sequence-based tools show good results in cross-validated
performances or in benchmarking studies with DMS data, the main
concern is that as they are very difficult to interpret; they fail at capturing
the complex functional relationships that cannot be covered from the
sequence information alone; and it is unclear how some of them are

going to be extended to other proteins beyond the data training set.

Theory-driven predictors, on the other hand, incorporate biophysical
parameters, involve structure-to-function relationships, and domain-
specific knowledge to derive predictive features and guide their
predictors (Alber et al., 2019; Stein et al., 2019). Such features include
evolutionary constraints, domain interactions, functional sites, interatomic
distances, hydrophobicity, etc.; therefore, the resulting models are more
interpretable. A unique example of a theory-driven predictor with
regression approach is ENVISION (Gray et al., 2018), which is the first
quantitative predictor of variants’ molecular impact that uses DMS data
for training their models. This allows the model to learn the protein
function information for large variant datasets and can generalize to
variants from proteins that it had never seen before, with moderate

performance.

In the end, both sequence-based and theory-driven models have their
own strengths and weaknesses. The choice of the model depends on the
requirements of the prediction problem, data availability and the desired

interpretability from the predictor.
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1.5.5. Limitations and challenges

DMS experiments provide comprehensive information about the
functional consequences of variants, therefore this rich information can
be used for training ML models. Although the predictors we covered in
this section show promising performances, this is not the case for all
proteins. This can be seen more clearly in observed vs. predicted plots,

as shown in Figure 1.7 for ENVISION and DeepSequence.
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Figure 1.7: The performance of ENVISION and DeepSequence for the
prediction of DMS assay values. Scatterplots showing the observed (y-axis) vs
predicted (x-axis) values: performance of ENVISION is shown for (a)
aminoglycoside kinase, (b) HSP90 proteins; performance of DeepSequence
shown for (c) TPK1 and (d) IF1 proteins. Figures for ENVISION and
DeepSequence are adapted from Gray et al. 2018 and Riesselman et al. 2018,

respectively.
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The examples for the poor performances indicate that these models may
require additional descriptors of the impact of variants. Additionally, all
predictors we mentioned in this section, except for EVE, have not been
tested for the binary pathogenicity prediction, despite its immediate
interest. This further shows the gap in this field when transforming

quantitative predictions into binary classifications.

By leveraging the strengths of DMS experiments and addressing the
limitations of the existing models, our goal in this study is to develop our
own regression models that can advance our understanding of the
impact of variants on protein function, and to transform our results into
binary predictions (pathogenic/benign) to link the two approaches to

variant interpretation.
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The main objective of this thesis is to develop a novel pathogenicity
predictor for the binary prediction of missense variants, grounded on the

quantitative prediction of their molecular impacts.

To accomplish this goal, the thesis addresses the following objectives:

1. Understanding the current status of the pathogenicity predictors in

the field: their progress, improvements and weaknesses

2. Testing the value of protein-specific regression models in a reduced

version of the problem: the case of BRCA1 and BRCA2 proteins

3. Development of an ensemble-based predictor for the binary
prediction of missense variants, through combining quantitative
predictions from a set of representative protein-specific predictors.

This objective is divided into three parts:

3.1. Developing protein-specific predictors for the quantitative
prediction of the molecular impact of missense variants, by taking
advantage of the deep mutational scanning assays available in the

literature

3.2. Generalizing the previous protein-specific predictors to the

clinical genome with an ensemble-based predictor

3.3. Obtaining an ensemble-based binary (pathogenic/benign)

classifier that is generalizable for missense variants in any protein.
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3.

The computational approach to variant
interpretation: principles, results, and

applicability



The results presented in this part of the thesis are published as a review
chapter in “Ozkan et al. (2021). The computational approach to variant
interpretation: principles, results, and applicability. In Clinical DNA
Variant Interpretation (pp. 89-119). Academic Press” in Elsevier’s Clinical
DNA Variant Interpretation book (Patrinos, 2021).



3.1. Introduction

The work presented in this chapter is focused on giving a unified view of
the pathogenicity prediction process, starting from its fundamental
(biophysical) aspects until reaching the most clinical approach. Our focus
centers on computational tools designed to predict the clinical
consequences of single amino acid variants and to evaluate their
progress. More specifically, we concentrate on tools that treat this
problem as a binary classification in which the impact of missense

variants is considered as either benign or pathogenic.

The chapter is divided into two main blocks. In the first block, we give an
overview of the biophysical approach to the pathogenicity prediction
problem and the associated computational tools. These tools are fully
interpretable because they are based on a theoretical comprehension of
how two fundamental properties (protein stability and binding ability)
underlying protein function change upon mutation. Next, we turn our
attention to bioinformatics predictors (or pathogenicity predictors), the
computational tools that are more commonly utilized in the clinical
settings. These predictors follow a pragmatic philosophy, directly
modeling the relationship between an arbitrary number of variant
descriptors and a binary view of the variant’s clinical impact: pathogenic
or benign. No conceptual framework is favored; any feature with
predictive power can be included in the final model: performance is their

main goal.

This study required a review of the field's literature accompanied by a
process of data retrieval and representations to support our view. It

covers essentially all the material presented in our book chapter (Ozkan
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et al., 2021); however, the bibliography on some discussion points has

been updated for this thesis.

3.2. Materials and Methods

Below, we describe our methodology for collecting information on the
existing missense variant pathogenicity predictors including the literature
search and filtering, and the grouping of tools based on technical
similarities. For all the predictors described, our literature search focused
only on reports that provided performance results with independent

benchmarking studies.

The material used in the first block of the chapter (the protein stability
predictors) is described in detail in section 3.2.1. The material used in
the second block (bioinformatics predictors) is described in detail in
section 3.2.2. Lastly, all the performance evaluation metrics mentioned
throughout this chapter are briefly described with their formulas in

section 3.2.3.
3.2.1. The set of protein stability predictors

The collection of stability predictors and their performances (expressed

using Observed vs. Predicted correlations) are shown in Table 3.1.
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Table 3.1 Protein stability predictors. Protein stability predictors used in
Figure 3.1. Table is adapted from Ozkan et al. 2021.

Predictor (stability) Correlation Stability / protein interaction = Reference (DOI)

mCSM 0.74 AAG 10.1093/bioinformatics/btt691
DUET 0.71 AAG 10.1093/nar/gku411
DynaMut 0.70 AANG 10.1093/nar/gky300
MAESTRO 0.69 AAG 10.1186/512859-015-0548-6
INPS 0.68 AAG 10.1093/bioinformatics/btv291
FEP+ 0.65 AAG 10.1016/j.jmb.2016.12.007
SAAMBE 0.62 AAG 10.1371/journal.pcbi.1004276
SDM2 0.48 AAG 10.1093/nar/gkx439
FEP 0.78 AAGbind—PPI 10.1016/j.jmb.2019.02.003
iSEE 0.73 AAGbind—PPI 10.1002/prot.25630
SAMPDI 0.72 AAGbind—PDI 10.1093/bioinformatics/btx698
MM-PBSA 0.69 AAGbind—PPI 10.1021/ct401022c
mCSM-NA 0.68 AAGbind—PRI 10.1093/nar/gkx236
Flex ddG 0.63 AAGbind—PPI 10.1021/acs.jpcb.7b11367
BindProfX 0.63 AAGbind—PPI 10.1016/j.jmb.2016.11.022
mCSM 0.56 AAGbhind—PPI 10.1093/bioinformatics/btt691
MutaBind 0.56 AAGbind—PPI 10.1093/nar/gkw374
mCSM-AB 0.45 AAGbind—PPI 10.1093/nar/gkw458
EasyE 0.41 AAGbind—PPI 10.1093/bicinformatics/bty092
ProAffiMuSeq 0.27 AAGbind—PPI 10.1093/bioinformatics/btz829
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3.2.2. The set of bioinformatics predictors

The predictors used in this study were collected through a literature
search with the following criteria: publication date from 2014 to 2019;
description of the training set, availability of performance estimations
obtained in validation test sets that are independent from the training
dataset. Below, we list the bioinformatics predictors retrieved which are
organized in separate tables according to the analyses we presented.

The list of all predictors collected is given in Table 3.2.

Table 3.2 Bioinformatics predictors retrieved for the 2014 — 2019 period.
Predictors and parameters used in Figures 3.3., 3.5, 3.6, 3.7, 3.8. MCC:
Matthew’s correlation coefficient, AUC: Area under the ROC curve. This table is
adapted from Ozkan et al. 2021.
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The metapredictors retrieved, together with the combination of pre-

existing predictors used to build them is listed in Table 3.3.

Table 3.3 Metapredictors. Predictors used in Figure 3.4. Table is adapted from
Ozkan et al. 2021.

Metapredictor Preexisting predictors Reference (DOI)
iFish SIFT, PolyPhen2, MutationAssessor, GERP, PhyloP 10.1038/srep31321
ADMEmgzglmized LRT, MutationAssessor, PROVEAN, VEST3, CADD 10.1038/541397-018-0044-2
BRCA2-NVM Perch, MetaSVM, MetalLR, PolyPhen2, MutationAssessor, Vest3 10.1038/s41436-018-0018-4
KCNH2 - specific  |SIFT, PROVEAN, SNPs&GO 10.1186/512881-015-0176-z
KCNQ1 - specific  [SIFT, PROVEAN, SNPs&GO 10.1186/512881-015-0176-z
GAVIN ICADD 10.1186/513059-016-1141-7
BayesDel Egl},ylzgegésgi I:S/Tg:yM LRT, MutationTaster, MutationAssessor, 10.1002/humu 23158
CADD SIFT, PolyPhen, GERP, phastCons, phyloP, Grantham 10.1038/ng.2892
PredictSNP2 ICADD, DANN, FATHMM, FunSeq2, GWAVA 10.1371/journal.pcbi. 1004962
PredictSNP PANTHER, PhD-SNP, PolyPhen, PolyPhen2, SIFT, SNAP 10.1371/journal.pcbi. 1003440
MetaSVM ?IAI;L'\I;:AI?T;?ZS}SEfEI:;BI’\DAutationTaster, MutationAssessor, 10.1003/hmg/ddu733
MetaLR E;,IAEI'EI\P/I:/II),,i;?éiF?ri'?Er:;lbgmaﬁonTaSten MutationAssessor, 10.1093/hmg/ddu733
EnsembleGASVR [PANTHER 10.1093/bioinformatics/btu297
PRDIS combinations of SIFT, PolyPhen2, CADD, PON-P2, MutationTaster2 |10.1186/512864-017-3914-0
DEOGEN2 PROVEAN 10.1093/nar/gkx390
Eigen ISIFT, PolyPhen2, MutationAssessor 10.1038/ng.3477
M-CAP SIFT, .PonPhen2, CADD, MetaLR, MetaSVM, FATHMM, I_’hastCons, 10.1038/ng 3703
MutationTaster, MutationAssessor, PhyloP, LRT, GERP, SiPHY
DANN CADD 10.1093/bioinformatics/btu703
PhD-SNPg PhyLoP 10.1093/nar/gkx369

41



3. The computational approach to variant interpretation: principles, results, and applicability

The references (DOI) of the pre-existing predictors cited in Table 3.3 are
listed in Table 3.4.

Table 3.4 List of pre-existing predictors that are used in metapredictors
given in Table 3.3. Table is adapted from Ozkan et al. 2021.

Pre-existing predictors

Reference (DOI) Pre-existing predictors Reference (DOI)

SIFT 10.1038/nprot.2009.86 SNPs&GO 10.1002/humu.21047
PolyPhen2 10.1038/nmeth0410-248 PERCH 10.1002/humu.23158
MutationAssessor 10.1093/nar/gkr407 PolyPhen1 10.1093/nar/gkf493
PhyloP 10.1007/11732990_17 Grantham 10.1126/science.185.4154.862
GERP++ 10.1371/journal.pcbi. 1001025 DANN 10.1093/bioinformatics/btu703
LRT 10.1101/gr.092619.109 PANTHER 10.1101/gr.772403
PROVEAN 10.1371/journal.pone.0046688 MutationTaster2 10.1038/nmeth.2890
CADD 10.1038/ng.2892 MutPred 10.1093/biocinformatics/btp528
FATHMM 10.1002/humu.22225 AlignGVGD 10.1136/jmg.2005.033878
SiPhy 10.1093/bicinformatics/btp190 FunSeq2 10.1186/s13059-014-0480-5
phastCons 10.1101/gr.3715005 GWAVA 10.1038/nmeth.2832
MutationTaster 10.1038/nmeth0810-575 PhD-SNP 10.1093/bioinformatics/bti423
VEST3 10.1186/1471-2164-14-S3-S3 SNAP 10.1093/nar/gkm238
MetaSVM 10.1093/hmg/ddu733 PON-P2 10.1371/journal.pone.0117380
MetalLR 10.1093/hmg/ddu733 fitCons 10.1038/ng.3196

Lastly, we did a literature search to collect independent benchmarking

studies of the retrieved bioinformatics predictors. We limited our search

to those studies that used Matthew’s correlation coefficient (MCC)
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parameter as one of their performance estimators. The list of the

benchmarking studies collected is shown in Table 3.5.

Table 3.5 Benchmarking studies collected from literature. List of studies

used in Figure 3.9. Table is adapted from Ozkan et al., 2021.

Source Predictors used for benchmarking

Alirezaie et al. 2018
Alvarez et al. 2016
Baugh et al. 2016
Bendl et al. 2014

Bendl et al. 2016
Dong et al. 2015

Grimm et al. 2015

Hetch et al. 2015
Knetch et al. 2016
Konig et al. 2016

Lietal. 2018

Lopez-Fernando et al. 2017

Mahmood et al. 2017
Niroula et al. 2015
Pan et al. 2017

Ponzoni et al. 2018

Raimondi et al. 2017

Rapakoulia et al. 2014

Rogers et al. 2018

Salgado et al. 2016
Thomas et al. 2016

Yates et al. 2014

ClinPred, REVEL, M-CAP, MetaLR, FATHMM-MKL
SIFT, PolyPhen2, MutationTaster2, CADD, PON-P2
SIFT, PolyPhen2, CADD, PROVEAN, VIPUR

CONDEL, Meta-SNP, PredictSNP, PON-P
SIFT, PolyPhen2, PolyPhen1, MAPP, nsSNPAnalyzer, PANTHER, SNAP, PhD-

SNP, PreditSNP
SIFT, PolyPhen2, MetaSVM, MetalLR, LRT, MutationTaster, MutationAssessor,

FATHMM, GERP++ RS, PhyloP, siPhy, KGGSeq, CONDEL, CADD phred
SIFT, PolyPhen2, MutationTaster2, MutationAssessor, LRT, FATHMM-U,

FATHMM-W
SIFT, PolyPhen2, SNAP, SNAP2

IMHOTEP, Condel, CoVEC, CAROL, CADD, MetaSVM, MetalLR, MutatonTaster2

SIFT, PON-P2, PROVEAN

SIFT, PolyPhen2, FATHMM, fitCons, LRT, MutationAssessor, MutationTaster,
PROVEAN, VEST3, GERP++, phastCons, phyloP, SiPhy, CADD, DANN, Eigen,
FATHMM-MKL, GenoCanyon, M-CAP, MetalLR, MetaSVM, REVEL

SIFT, PolyPhen2, PROVEAN, FATHMM, PON-P2, CADD, M-CAP, Condel, Pmut

SIFT, PolyPhen1, CADD, Condel, REVEL, FATHMM, GERP++
SIFT, PolyPhen2, Condel, PROVEAN, SNAP, PON-P, PON-P2

SIFT, PolyPhen2, PredSav, FunSAV, SusPect, SNAP, nsSNPAnalyzer
SIFT, PolyPhen2, FATHMM-W, MutationTaster, MutationAssessor, LRT, FATHMM-

U, Condel, Logit, SEQ+DYN
SIFT, PolyPhen2, LRT, MutationTaster, MutationAssessor, FATHMM, GERP++,

PhyloP, SNAP, SNPs&GO, MutPred, CONDEL, CADD phred, M-CAP, DEOGEN,
DEOGEN2
SIFT, PolyPhen2, MutationAssessor, PANTHER, EnsembleGASVR

FATHMM-XF, FATHMM-MKL, GAVIN, CADD, DANN
SIFT, PolyPhen2, PROVEAN, MutationAssessor, CONDEL, MutationTaster,

CADD, UMD-Predictor
SIFT, PolyPhen2, PolyPhen1, PANTHER-PSEC, PANTHER-PSEP, FATHMM-U,

PhD-SNP, SNPs&GO, nsSNP Analyzer, SNAP, MutPred, FATHMM-W
SIFT, PolyPhen2, SusPect, SNPS&GO, MutPred, PhD-SNP, MutationAssessor,

SNAP, FATHMM, Condel, SNPanalyzer, PANTHER
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For the predictors used in the benchmarking studies listed in Table 3.5, if
the predictor’s original publication provided an MCC value, we collected
this information as well. Predictors and the MCC values published in their

original publication are shown in Table 3.6.
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Table 3.6 List of predictors used in benchmarking studies. Matthew’s correlation
coefficient (MCC) used in Figure 3.9. Table is adapted from Ozkan et al., 2021.

Predictor

MCC (from original publication)

Reference (DOI)

MutationTaster2
FATHMM-W
FATHMM
PON-P2
MetalLR
MutationTaster
MetaSVM
SusPect
SNPs&GO
LRT
SNAP
PON-P
PredictSNP
MutPred
PhD-SNP
FATHMM-U
SIFT
REVEL
PROVEAN
CADD
MutationAssessor
PhyloP
POLYPHEN2
GERP++
FATHMM-MKL
CONDEL
PolyPhen
SiPhy
M-CAP
DANN
nsSNPAnalyzer
PANTHER

0.8
0.72
0.72
0.71
0.71
0.71

0.7
0.65
0.63
0.61
0.58

0.5

0.5
0.44
0.39
0.38
0.35

10.1038/nmeth.2890
10.1002/humu.22225
10.1002/humu.22225
10.1371/journal.pone.0117380
10.1093/hmg/ddu733
10.1038/nmeth0810-575
10.1093/hmg/ddu733
10.1016/j.jmb.2014.04.026
10.1002/humu.21047
10.1101/gr.092619.109
10.1093/nar/gkm238
10.1002/humu.22102
10.1371/journal.pcbi.1003440
10.1093/bioinformatics/btp528
10.1093/bioinformatics/btl423
10.1002/humu.22225
10.1038/nprot.2009.86
10.1016/j.ajhg.2016.08.016
10.1371/journal.pone.0046688
10.1038/ng.2892
10.1093/nar/gkr407
10.1007/11732990_17
10.1038/nmeth0410-248
10.1371/journal.pcbi.1001025
10.1093/bioinformatics/btv009
10.1016/j.ajhg.2011.03.004
10.1093/nar/gkf493
10.1093/bioinformatics/btp190
10.1038/ng.3703
10.1093/bioinformatics/btu703
10.1093/nar/gki372

10.1101/gr.772403
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3.2.3. Performance assessment

To describe the performance of the bioinformatics predictors, we used
the most frequently used parameters (Niroula and Vihinen, 2016):
sensitivity, specificity, accuracy, MCC and area under the ROC curve.
These parameters are described in detail in the Introduction, section
1.4.3. Parameters for evaluating the performance; here we only give

the formulas as a reminder.

Sensitivity, also called true positive rate (TPR) or recall:

TP

Sensitivity = TP+—F1V

Specificity, also called true negative rate (TNR):

oocificiry — TN
pecificity = TN T FP
Accuracy:
TP+TN
Accuracy =

TP+FP+FN+TN
Matthew’s correlation coefficient (MCC):

_ TP-TN — FP -FN
J@TP +FN)-(TN + FP)-(TP + FP)-(TN + FN)

McCC

In all formulas: TP is true positive; TN is true negative; FP is false
positive; FN is false negative. Note on terminology: “positive” indicates

pathogenic and “negative” indicates benign variants.
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Area Under the receiver operating characteristic Curve (AUC or
ROC AUC), a measure of goodness of prediction based on the ROC
curve (see 1.4.3. Parameters for evaluating the performance, Figure
1.5).

3.3. Results and Discussion

The pathogenicity prediction tools described in this chapter are
presented in two separate blocks. In 3.3.1. Pathogenicity predictors:
biophysical view, we describe the biophysical approach to the
pathogenicity prediction problem and the associated computational tools.
In 3.3.2. Pathogenicity predictors: bioinformatics tools, we present
the bioinformatics tools that treat pathogenicity prediction as a binary
classification problem. It should be noted that the original publication
(Ozkan et al., 2021) also includes a separate block dedicated to
pathogenicity prediction on splicing variants, which is the work of the
collaborating authors to the paper, and for this reason is not included in

this thesis.

3.3.1. Pathogenicity predictors: Biophysical view

The biophysical approach to the pathogenicity prediction problem aims to
explain the connection between genetic variants and disease based on
our understanding of the physics and chemistry of living organisms.
Conceptually, we can distinguish two components in the relationship
between a variant and its clinical phenotype: first, the variant's direct
effect on the protein molecule (Kucukkal et al., 2015), and second, the
propagation of this effect through various levels of the biological

hierarchy (cell, tissue, organ, etc.) (Yeger-Lotem and Sharan, 2015;
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Zitnik and Leskovec, 2017), a process regulated by genetic background
and environment. In this work, we concentrate on the first aspect,
detailing the biophysical approach to analyze how variants affect protein

structure and function.
3.3.1.1. Protein stability change upon mutation

Proteins exist in equilibrium between the native (correctly folded,
biologically active conformation) and a range of non-native states,
including unfolded or misfolded forms (Sanavia et al., 2020). Protein
stability (AAG) is a thermodynamic property that measures the separation
between native and competing states (Alan Fersht, 1985). Depending on
its location in the structure, a single amino acid replacement might result
in alterations in protein stability, leading to functional disruptions (Hartl,
2017). Given this relationship, an effort has been made in assessing
what would be the functional consequences of such amino acid

replacements on protein stability (Stefl et al., 2013).

This topic has been addressed, from a general point of view, through
comparison of pathogenic and benign variants in terms of properties
related to protein stability (Ferrer-Costa, Orozco and De La Cruz, 2002;
Yue, Li and Moult, 2005; Kucukkal et al., 2015). These properties can be
grouped into two broad classes. First, those that are intrinsic to the amino
acid substitution, such as changes in hydrophobicity indexes, amino acid
volume, or charge. And second, those properties that depend on the
structural location of the affected residue, such as solvent accessibility,
backbone strain, etc. In all cases, the properties show differences
between pathogenic and benign variants, but they are not enough to
discriminate them completely. In other words, the effect of pathogenic

variants on protein stability is observed in varying degrees.
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There are several tools available in the field devised to estimate the
impact of a variant on protein stability (Yin, Ding and Dokholyan, 2007;
Dehouck et al., 2011; Steinbrecher et al., 2017). Mostly, these tools are
based on physicochemical models and generate AAG values using
weighted sums of different structure-based properties. Others, such as |-
Mutant (Capriotti, Fariselli and Casadio, 2005), use sequence information
when no experimental structure is available for a given protein. To
illustrate the performance range of stability predictors, we scanned the
field’s literature to collect the observed-predicted correlation values for
available predictors (Figure 3.1). These values were only kept if they

were obtained on independent validation sets.

ANG AAGping
FEP (0.78, PPI)
mCSM (0.74) _
DUET 80'71) ' iSEE (0.73, PP|)
DynaMut (0.7 ) SAMPDI (0.72, PDI)
j‘ MM-PBSA (0.69, PPI)
MBS TR (et —® MCSM-NA (0.68, PRI)
FEP+ (0.65) —® Flex ddG (0.63, PPI)
SAAMBE (0.62) ——® BindProfX (0.63, PPI)

mCSM (0.56, PPI)
MutaBind (0.56, PPI)

SDM2 (0.48) ——— @
mCSM-AB (0.45, PPI)

EasyE (0.41, PPI)

ProAffiMuSeq (0.27, PPI)

Figure 3.1. The correlation between observed and predicted values for
protein stability (AAG, left side, black dots) and binding free energies
(AAGping, right side, orange dots). The correlation values are shown in
parenthesis next to the predictors’ names. For the AAGoing predictions, the
interaction type is also given inside parenthesis (PPI: protein-protein interaction;
PDI: protein-DNA interaction; PRI: protein-RNA interaction).
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It can be seen from Figure 3.1 (left side), that these correlations
fluctuate between moderate and high, ranging from 0.48 to 0.74. These
values reflect the approximations applied to the modeling of AAG as well
as the quality and heterogeneity of the training datasets employed to fit
the models (Yang et al., 2018). These moderate correlations limit the
value of stability predictors as standalone tools for the identification of
pathogenic variants, indicating that they should be used with evidence
from other independent sources of information (Petukh, Kucukkal and
Alexov, 2015). It is also important to note that, even if a protein stability
tool was 100% accurate, it does not constitute a direct measure of the
protein function levels available to the cell. Unstable proteins are
degraded by a complex quality control machinery that is triggered at
different AAG thresholds, depending on the protein (Sontag, Samant and
Frydman, 2017). Obeying a better-safe-than-sorry principle, this
machinery degrades proteins with even small stability losses (Stein et al.,
2019). Therefore, low AAG predictions are inconclusive and additional

experiments are needed to estimate the true impact of a variant.
3.3.1.2. Effect of variants on protein interactions

Although initial analyses suggested stability changes as the main
consequence of pathogenic variants (Ferrer-Costa, Orozco and De La
Cruz, 2002; Yue, Li and Moult, 2005), they did not exclude other
mechanisms. For instance, complete functional loss and the resulting
clinical phenotype may only require a substitution of a catalytic side,
without further affecting the protein structure (Schuster-Bockler and
Bateman, 2008; Gao, Zhou and Skolnick, 2015). Additionally, pathogenic
variants located on the protein surface might alter the native protein
interactions (Fernandez-Recio, 2011), e.g., protein-protein, protein-DNA,

protein-ligand. To evaluate the effect of such variants on protein

50



3.3. Results and Discussion

interactions, several groups used structures of known protein complexes
to focus on the fraction of pathogenic variants at the interaction interface.
Initial studies suggested that the effect of pathogenic mutations on
protein interactions is small (Ferrer-Costa, Orozco and De La Cruz, 2002;
Schuster-Bockler and Bateman, 2008). However, these results have
been challenged by the work of Sahni et al (2015), who analyzed an
unbiased sample of 2890 disease-associated variants finding that they

primarily affect protein interactions, not stability.

Structural analyses have been paramount in identifying the most relevant
features of protein-protein interfaces (Fernandez-Recio, 2011) and the
effects of disruptive variants on the pathogenicity mechanisms (David
and Sternberg, 2015; Navio et al, 2019). This knowledge is used in
combination with physicochemical principles to develop tools for
predicting the effects of variants on binding affinity changes (AAGpind)
(Geng et al., 2019). The observed-predicted correlations of these tools
are shown in Figure 3.1 (right side). The behavior of AAGying predictors
is similar to that of AAG predictors, with correlations between very low
(0.27) and moderately high values (0.78). As in the case of protein
stability, it is important to note that AAGeing estimates are obtained using
parameters intrinsic to the interacting molecules. They do not include the
modulatory effect of the protein’s environment, characterized by a high
concentration of macromolecules known as macromolecular crowding
(Rivas and Minton, 2016). Therefore, when small, the predicted AAGyping

may not be relevant in vivo.

In summary, although the previous data show important advances in the
characterization of variants with biophysical models, these models should
be evaluated cautiously when using them for the identification of

pathogenic variants. Given that disease variants can affect either protein
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stability, protein interactions, or both, the estimates of AAG and AAGping
should be examined simultaneously for a more accurate assessment of
the mechanism of a variant’s impact (Pires, Ascher and Blundell, 2014).
Additionally, checking some simple structural properties of the variant,
e.g., whether it happens at buried locations, binding hot spots, etc., can

reinforce the conclusions obtained from AAG and AAGying Values.

The focus of this block was concentrated on functional interactions; but
this is only part of the picture. A protein is in continuous physical contact
with a highly dense environment (Rivas and Minton, 2016), and its
properties are shaped by the macromolecular crowding. From a
biochemical point of view, crowding is important because it favors protein
aggregation (Ellis and Minton, 2006) and plays a key role in what are
known as "conformational diseases" (Carrell and Lomas, 1997).
Unfortunately, theoretical approaches to crowding are not mature enough
to result in an easy-to-use computational model (Minton, 2000; Rivas and
Minton, 2016). At the application level, either sequence-based
approaches (using physicochemical properties of the amino acids) or
costly computationally structure-based simulations are applied to the
study and prediction of aggregation propensity (Grafa-Montes R et al.,
2017). Bioinformatics tools like Aggrescan (Conchillo-Solé et al., 2007),
Tango (Fernandez-Escamilla et al., 2004) or Pasta (Walsh et al., 2014)
offer an alternative to infer the resulting changes upon mutation of the

aggregation profile of specific regions of the protein sequence.

3.3.1.3. Applicability of biophysical models

Despite their limited accuracies, biophysical models have a clear value in
identifying and understanding the role of pathogenic variants. In Ancien
et al. (2018), the stability-based classifier SNPMusic predicts the

52



3.3. Results and Discussion

pathogenicity of destabilizing or stabilizing mutations with 71% accuracy
in cross-validation tests. Another predictor, mCSM, was tested on
variants of proteins with kinase activity, and it was able to predict the
direction of the change in stability of proteins and protein affinities with
correlations around 83% (Pires, Ascher and Blundell, 2014). Riera et al.
(2015) utilized FoldX (Guerois, Nielsen and Serrano, 2002) to predict
stability changes of variants in a-galactosidase with classification
accuracy of 71%. This study also found that two conservation measures
derived from multiple sequence alignments, Shannon’s entropy, and
position-specific scoring matrix, delivered slightly better accuracies of
73% and 76%, respectively. This last example illustrates an important
point: conservation-based measures can discriminate pathogenic from
benign variants with a success rate comparable to or better than that of
structure-based properties. This result is relevant because, generally, we
cannot apply biophysical methods to variants in proteins with unknown
experimental structure. While the appearance of AlphaFold (Jumper et
al., 2021) has revolutionized this situation, it is true that for disordered
parts of proteins, we cannot use structure-based properties to predict the
pathogenicity of variants. To provide an answer to these variants, we
may turn to the use of conservation-based descriptors (Riera, Lois and
De la Cruz, 2014). The rationale behind this is that functional constraints
constitute an essential factor in the sequence divergence between

species (Echave, Spielman and Wilke, 2016).

Independently from theoretical evolutionary considerations, the
relationship between conservation and protein stability, and related
structure/function features, has been established in several works. For
example, different studies have unveiled a correlation of conservation
measures with residue packing density (Echave, Spielman and Wilke,
2016), and with protein stability changes (Sanchez et al., 2006). The
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combination of technical circumstances (lack of experimental structures
and good predictive value of sequence-based evolutionary information)
and the pressing need for fast tools for annotating variants have led to
the development of a different approach to the prediction of pathogenic
variants. The resulting tools, to which we will refer as bioinformatics (or
pathogenicity) predictors in the following section, were initially inspired by
but not restricted to the principles of protein biophysics. Their main

features and performances are discussed below.

3.3.2. Pathogenicity predictors: Bioinformatics tools

Pathogenicity predictors are widely used in bioinformatics to identify
which genetic variants are likely to have a significant impact on an
individual's health (Ho et al., 2019). A substantial number of these tools
have been published since the development of the SIFT (Ng and
Henikoff, 2001), the first genome-wide predictor developed, using
different methodologies. These tools vary in their predictive features,
algorithms, training methods etc. However, they all address the
prediction problem in a straightforward manner, skipping all the
intermediate levels between molecular impact and clinical outcome. They
treat pathogenicity prediction as a two-category classification problem in
which variants are either pathogenic or benign and solve it using
standard machine learning tools (Riera, Lois and De la Cruz, 2014;
Niroula and Vihinen, 2016). This approach comprises a series of steps
that do not necessarily follow a theoretical framework; they are arbitrarily
established by developers according to their view of the prediction
problem. Consequently, when looking for a predictor for a specific
application, in addition to comparing performances, one should consider

several aspects related to the choices made by the developer.
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3.3.2.1. Development of a bioinformatics predictor

The development of bioinformatics predictor follows, with small
variations, a four-step workflow commonly used in supervised learning
(Figure 3.2): (i) building training datasets of benign and pathogenic
variants; (ii) identifying the properties that discriminate between the two
variant types; (iii) training the classification tool; and (iv) estimating its

performance. Below we describe these steps are in more detail.

TECHNICAL
DETAILS

FIND
DISCRIMINANT -
PROPERTIES

TRAIN THE ESTIMATE

BUILD VARIANT
PREDICTOR L d PERFORMANCE

STEPS

DATASETS

BLOCKS

CONCEPTUAL TECHNICAL

Figure 3.2. The four steps in the development of a bioinformatics predictor.
The figure illustrates the correspondence between the four technical steps
(central, darker blue boxes); the main conceptual parts of the prediction problem
(bottom, light blue boxes) and technical details related to these steps (top, in

parentheses). Figure is taken from Ozkan et al. 2021.

3.3.2.1.1. Building the variant dataset

The training set is a collection of pathogenic and benign variants that the
model uses to learn about the classification task. Thus, the training set
defines the prediction problem addressed and consequently, the
applicability range of the resulting tool, e.g., predictors trained with
variants associated to monogenic disorders should not be utilized for

scoring variants in complex disease.
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The pathogenic and benign variants used to derive predictors come from
different sources (Figure 3.3). For example, the Exome Aggregation
Consortium (ExAC) (Lek et al, 2016) and the Genome Aggregation
Database (gnomAD) (Karczewski et al., 2020) are large databases of
exome and genome sequencing data that can be utilized to find benign
variants and information about the frequency and functional impact of
variants in different populations. In the case of pathogenic variants,
developers turn to large databases like UniProt (Bateman et al., 2017),
Human Gene Mutation Database (HGMD) (Stenson et al.,, 2012) and
ClinVar database (Landrum et al., 2016). These databases are

periodically updated and apply different levels of manual curation.

Others \ Others
Slmsll)ast;g—l ’ \ : UcsC——_ UniProt
VariBench— N ' _—UniProt Simulated
: VariBench—__
Clinvar——— Pathogenic

Evolutionary model—

ExAc—~ " Literature

Literature 1000G

HGMD dbSNP

Figure 3.3. Pie charts showing the dataset source distributions of
pathogenic and benign variants used to train pathogenicity predictors,
respectively. Figure is adapted from Ozkan et al. 2021.

Ensuring correctly annotated variants is essential for the development of
ML models (Vihinen, 2012). Clinical data exhibit several challenges
including heterogeneity, complex formats, poor annotations, class
imbalance etc. that can affect the performance of the pathogenicity
predictors (Hasanin et al., 2020; Martinez-Garcia and Hernandez-Lemus,
2022). However, in spite of the quality of the databases or the manual

curation effort, there are still several incorrect annotations (MacArthur et
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al., 2014). For predictors trained with thousands of instances, the
consequences may not be too severe. However, when the training set
sizes are much smaller, such as the case of protein-specific predictors,
this effect can increase the model error significantly. For these reasons,
the quality and origin of the data should be examined carefully before

using a pathogenicity predictor or trusting its predictive power.

3.3.2.1.2. Discriminant features

Discriminant features are used by pathogenicity predictors to distinguish
between pathogenic and benign variants. Many predictors, to which we
will refer as fundamental predictors, use a mixture of properties inspired
in the biophysical or evolutionary view of the problem: conservation,
structure or both (Tang and Thomas, 2016). In general, methods using
evolutionary conservation-based features have better success rates
(Niroula and Vihinen, 2016), and for this reason they tend to predominate
in the field (Livesey and Marsh, 2022).

In recent years, as fundamental predictors have reached a performance
plateau (Riera, Lois and De la Cruz, 2014), a new generation of methods
has appeared. These new predictors, called metapredictors (also known
as ensemble (loannidis et al., 2016) or consensus methods (Vihinen,
2014)), are conceptually different than fundamental predictors: they
combine the scores of preexisting pathogenicity predictors to generate

the final predictions (Figure 3.4,a).
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Figure 3.4. Description of Metapredictors. (a) Workflow for obtaining
predictions from a metapredictor. For a given variant, metapredictors use the
output (scores) of preexisting methods (SCsirr, SCrolyphenz, SCron-p2 efc.) to
generate their predictions. (b) The figure shows how many times a preexisting
method has been used to build a metapredictor in the literature, obtained from a
set of 23 metapredictors (Table 3.3). Figure is taken from Ozkan et al., 2021.

There is an increasing number of studies that show metapredictors may
surpass the plateau of fundamental predictors (Ghosh, Oak and Plon,
2017; Tian et al., 2019; Wilcox et al., 2022). But their use in biomedical
applications may entail some problems. First, they can induce unwanted
biases toward the predictions of certain tools (Vihinen, 2014), like SIFT
(Kumar, Henikoff and Ng, 2009) or PolyPhen2 (Adzhubei et al., 2010)
that are frequently used to build metapredictors (Figure 3.4,b and Table
3.4). Second, in most of the cases, metapredictors sacrifice
interpretability in exchange for improved performance. They are harder to
interpret because they are not based on explicit descriptors of the
molecular impact of the variant. In addition, aggregating or taking
majority vote of the individual predictors makes it more difficult to trace

back the contribution of each model to the final decision (Vihinen, 2020).
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3.3.2.1.3. Model selection

Classification algorithms are the technical core of pathogenicity
predictors. These algorithms address the classification task combining a
set of examples of both classes, labeled with the chosen discriminant
features. The parameters of the model depend on the classification
algorithm (Hastie et al., 2009; Bishop, 2011). A considerable variety of
algorithms have been used to build bioinformatics predictors (Neural
Networks, Support Vector Machines, Random Forests, etc.), although in
recent years the developer community has shown a preference for
Random Forests (Breiman, 2001; Musolf et al., 2022). It has to be noted
that, in spite of their good performance, these algorithms have a black
box nature due to the complexity of their architectures or way of
capturing interactions between features, making them difficult to interpret
or trace (Azodi, Tang and Shiu, 2020; Petch, Di and Nelson, 2022).
Presently, improving the interpretability of such models is an important
research topic in Atrtificial Intelligence (Rudin, 2019), particularly for
biologists who are interested in understanding the numerical reasons
behind predictions rather than solely seeking accurate predictions
(Greener et al., 2022).

3.3.2.1.4. Validation

The final step in the development of a pathogenicity predictor is
validating its performance. Validation refers to the process of estimating
the performance of a pathogenicity predictor on unseen data. In other
words, it is a way of assessing how much the model has learned from the
training data, and how efficiently it can make predictions on new,
independent samples. Some of the most common are: Accuracy, MCC,

Sensitivity, Specificity, Negative Predictive Value (NPV), Positive
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Predictive Value (PPV), AUC-ROC, etc. There is not a unique parameter
to describe the success rate of a predictor (Baldi et al., 2000; Vihinen,
2012), the best option to assess performance is to consider several
success rate descriptors simultaneously. However, in this comparison, it
should be considered that their estimates will depend on dataset size
and composition. This is particularly true for Accuracy, NPV, and PPV,
whose values show substantial biases depending on the relative
numbers of pathogenic and benign variants in the validation sample
(Pepe, 2003).

As independent benchmark studies are regularly published, it is always a
good practice to check how the candidate tools perform in these
datasets. In general, a dataset of a benchmarking study should provide
non-redundancy with the training set, and high quality of clinical labels
(Sarkar, Yang and Vihinen, 2020). An interesting initiative to provide
validation datasets meeting the previous conditions is the international
contest Critical Assessment of Genome Interpretation (CAGI). (Hoskins
et al., 2017; Andreoletti et al., 2019). In these contests, they release
challenges to assess the performance of prediction methods in specific
scenarios on set of variants for predicting their phenotypes. In parallel,
new efforts are being made to generate nonredundant, comprehensive

benchmark datasets in performance estimation (Pejaver et al., 2022).

3.3.2.2. Performance of bioinformatics tools

While the main steps in the development of a predictor are essentially the
same (Figure 3.2), their specific nature admits variations: training sets
(Figure 3.3), discriminant properties, and algorithms differ between
methods. These differences are behind the large number of predictors

that have been presented in recent years. For this chapter we collected a
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set of pathogenicity predictors (see section 3.2.2 The set of

bioinformatics predictors), focusing on methods published between the
years 2014-2019. At the end of this process, we retrieved the
performance of 45 tools (Table 3.2). A view of the performance of 32
predictors (those for which performance of MCC, accuracy, sensitivity

and specificity metrics were available) is shown in Figure 3.5.
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Figure 3.5. Performance of pathogenicity predictors. The figure provides four
performance measures (MCC, Accuracy, Sensitivity, Specificity) for a set of 32
tools (Table 3.2) described in the literature for which the values of these four
parameters are given. Asterisks are utilized to identify metapredictors. Figure is

taken from Ozkan et al. 2021.
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It can be observed from Figure 3.5 that, despite their simplified
representations of the impact of variants, bioinformatics predictors work
surprisingly well. Their performances are above random, and go from
moderate to high, indicating that these tools capture the difference
between benign and pathogenic variants in varying degrees. A second
aspect of interest is that the ranking of the top predictors does not
change, regardless of the performance descriptor used. This coherence
is partly lost as we progress down the list, reinforcing the idea that we
should use more than one parameter when comparing predictors. The
figure also allows us to compare the performance of fundamental tools
and metapredictors (marked with asterisks). We see that although the
three top predictors (IMHOTEP (Knecht et al., 2017), ADME-optimized
model (Zhou et al., 2019), and ClinPred (Alirezaie et al., 2018)) are
metapredictors, as we progress down the classification, there is a mixture

of methods of both types.

This comparison can be refined by grouping the predictors according to
their nature (fundamental vs. metapredictor). As shown in Figure 3.6 for
the same four metrics, and in Figure 3.7 for the AUC, we can see that
although metapredictors tend to outperform fundamental predictors
visually, the trend is not statistically significant. Thus, we believe that in
professional settings it is advisable to combine the results of both
metapredictors and fundamental predictors to both optimize accuracy

and provide a certain level of interpretability.
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Figure 3.6. Comparison of Fundamental predictors versus Metapredictors.
The figures show the distribution of values for Fundamental (lilac dots) and
Metapredictors (orange dots) for (from top to bottom and left to right): Matthew
correlation coefficient (MCC), Accuracy, Sensitivity, and Specificity. Within each
figure we give the results of the comparison between distributions using the

Median Test. Figure is taken from Ozkan et al. 2021.
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Figure 3.7. Area under the curve (AUC) values of fundamental versus
metapredictors. The figure shows comparison of AUC values for those
predictors for which AUC value was available. We also give the results of the
Median Test for the comparison between both sets of values. Asterisks are
utilized to identify protein-specific methods. Figure is taken from Ozkan et al.
2021.

In fact, the idea of combining predictors has been proposed to increase
the reliability of in silico evidence in the clinical setting (Richards et al.,
2015). However, when individual predictors do not coincide for the
prediction of same variants, this approach becomes problematic. For
instance, in Figure 3.8, the correct predictions of a selected set of
methods coincide only for 12 (10 pathogenic, 2 benign) out of 50
manually annotated BRCA1 variants (Padilla et al., 2019). The lack of
consensus between different predictors limits the generalizability as well
as reliability of the tools. The severity of the problem can be reduced
using a certain combination of predictors with increased concordance to
improve the reliability of in silico tools for the evaluation of clinically
relevant variants (Ghosh, Oak and Plon, 2017).
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Figure 3.8. Discrepancy between pathogenicity predictors. The figure shows
the disagreement, for 50 known BRCA1 variants, between the predictions of a
group of selected classifiers. The structures on top correspond to the BRCA1-
BARD1 complex (Brzovic et al., 2001); we utilize spheres to indicate the
location of the variants correctly (blue) and incorrectly (pink) predicted by the
method signaled by an arrow. The bar plot (orange) at the bottom shows the
accuracies of the methods in this work, ordered according to publication year.

Figure is taken from Ozkan et al., 2021.

3.3.2.2.1. Variability of performance estimates

As mentioned earlier, an important aspect when validating the
performance of pathogenicity predictors is the dependence of the results
on the dataset used. Here, we explore this aspect for the 32 predictors,
by collecting their MCC estimates found in different benchmark studies
published after the original manuscript (Table 3.5). The summary of this

analysis is shown in Figure 3.9.
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Figure 3.9. The performance of pathogenicity predictors in independent
benchmarks. For a set of 32 predictors, the MCC values were obtained in a set
of benchmarks generated by different authors (Table 3.5). The black horizontal
lines correspond to the MCC value of the method provided by the authors in
their original publication (Table 3.6). The predictors are ranked (highest to
lowest) and colored (darker to lighter color) by the median of MCC values (color
scale shown in the upper right of the plot). Figure taken from Ozkan et al. 2021.

Figure 3.9 clearly illustrates the variation between performance
estimates obtained in distinct datasets as well as the difference relative
to the performance of the original study. From this result, we make three
main observations. First, independent estimates can be better than the
authors’ estimates, e.g., this is the case for 13 out of 18 benchmarks of
the SIFT predictor (Kumar, Henikoff and Ng, 2009). Second, for a given
method, the the range of MCC values may be large, suggesting that, to
obtain a fair idea of the performance of a predictor, several independent
tests should be conducted. And third, in many cases, we see an overlap
between the range of values for different predictors, e.g., between SIFT
and PolyPhen2, CADD and MutationTaster, etc. In this situation, it is
desirable to analyze the datasets utilized in the different benchmark and
how well they adjust to our problem before comparing performance
estimates. Finally, it is worth mentioning that the performance of

fundamental methods remains in the range of that of metapredictors,
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reinforcing the idea that fundamental methods still show competitive

success rates.

3.3.3. Future development and challenges

Advances in the design of bioinformatics predictors can be inspired in
biophysics (in the different approaches to the genotype-to-phenotype
problem) or may result from transferring successful strategies from other
areas of bioinformatics or machine learning. An example of the former is
the work of Sancho and his group (Angarica, Orozco and Sancho, 2015;
Galano-Frutos, Garcia-Cebollada and Sancho, 2019), who have
introduced the use of molecular dynamics simulations, to find whether
unfolding events may contribute to discriminate between pathogenic and
benign variants. The relevance of this approach, apart from providing an
original answer to the pathogenicity prediction problem, is that it opens

the way to routinely complement predictions with mechanistic analyses.

Bioinformatics predictors continue to advance with the introduction of
technical improvements. An example of a recent approach is the
development of bioinformatics tools for specific proteins. Protein-specific
predictors can be obtained using different strategies, e.g., following a de
novo approach (Riera, Padilla and de la Cruz, 2016), adapting
preexisting tools using protein-specific prediction cutoffs (Itan et al.,
2016), etc. Comparative studies show that specific predictors can
compete in performance with generalized, non-specific predictors
(Crockett et al., 2012; Riera, Padilla and de la Cruz, 2016).

Approaching prediction from a different angle, Masica and Karchin (2016)
propose enhancing the performance of bioinformatics methods using
endophenotypes (quantitative measurements of biological properties, like

catalytic activity, functional assays, etc.) as prediction targets. In this
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approach, rather than simply categorizing variants as either pathogenic
or benign, a quantitative prediction presents a spectrum of variant effects
that allows a finer interpretation of the impact of variants. This is
particularly interesting in the case of variants with moderate effects, for
which pathogenicity predictors are more likely to give unreliable
predictions. In this case, continuous predictions can provide a better
understanding of the molecular impact of variants and conjecture a
possible role for the genetic background. Increasing interest in this
direction indicates an ongoing change in paradigm, resulting from a
growing awareness of the continuous nature of disease (Gray et al.,
2018; Sarkar, Yang and Vihinen, 2020).

The abundance in new developments from widely different areas leaves
predictive performance as the unique, unifying criterion for the selection
of pathogenicity predictors by users. As a consequence, researchers are
devoting their efforts to the validation of pathogenicity predictors from
different angles. Grimm et al. (2015) described how the complexity of
predictors and training procedures results in unnoticed overlaps between
training and validation datasets. These authors refer to these overlaps as
circularities and identify two types of them. Circularity of Type 1
corresponds to the coincidence of variants in the training and validation
datasets and is undesirable because it results in inflated performance
estimates. It is unclear to which extent circularity of Type 2, which
happens when a protein contributes different variants both to the training
and validation datasets, is also undesirable: in certain circumstances, it is

standard practice.
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3.4. Conclusion

Bioinformatics predictors are relatively straightforward to use, cost-
effective, and readily available. While they offer valuable benefits, their
applicability in clinical settings far from trivial. Evaluations on diverse
datasets show both capabilities and limitations of these models, showing
the importance of interpreting the results of such models cautiously. In
general, establishing a reliable procedure for estimating the performance
of bioinformatics predictors may prove to be one of the most critical
challenges in the field, which, if unsolved, may severely limit the

applicability of these tools.

Looking ahead, it is important to recognize that the development of
quantitative predictors for estimating the molecular impact of variants
holds the potential of a more nuanced solution to the variant
interpretation problem. We devote the next two chapters of this thesis to
describe our efforts in this direction, with overall the goal of generating
clinically useful pathogenicity predictors based on quantitative

predictions.
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Endophenotype-based strategy for
pathogenicity prediction in BRCA1 & BRCA2

missense variants



The results presented in this part of the thesis have been published in
“Ozkan S, Padilla N and de la Cruz X (2021). Towards a New,
Endophenotype-Based Strategy for Pathogenicity Prediction in BRCA1
and BRCAZ2: In Silico Modelling of the Outcome of HDR/SGE Assays for
Missense Variants. International journal of molecular sciences, 22(12),
6226.”



4.1. Introduction

BRCA1 and BRCA2 (BRCA1/2) are high-risk breast and ovarian cancer
predisposition genes that play critical roles in the management of the
DNA repair mechanism (Roy, Chun and Powell, 2012). Germline
pathogenic variants in these genes are responsible for 20-25% of
hereditary breast and ovarian cancers (HBOC) (Hart et al., 2018). Most
of the well-known pathogenic variants in these genes lead to truncated
proteins, easy to interpret as disruptive/pathogenic, given their large
molecular impact. Depending on ethnicity (So et al., 2019; Andreis et al.,
2023), 5-10% of patients with BRCA1/2 germline variants carry missense
variants of unknown significance (VUS) (Tavtigian et al., 2006); that is,
variants for which no molecular nor clinical phenotype can be assigned.
Considering that variants labeled as VUS are not useful for medical
purposes, there is a pressing need to devise effective models to estimate

the cancer risk or clinical phenotype associated to BRCA1/2 variants.

In genetic research studies, in silico tools have emerged as valuable
resources for addressing the challenge of identifying the impact of
genetic variants. In general, these tools work by providing binary
predictions (pathogenic/benign) and can be applied to variants of any
human protein. In the case of BRCA1/2, several studies have evaluated
the ability of such tools on predicting variants of these proteins (Hart et
al., 2020; Cubuk et al., 2021; Aljarf et al., 2022; Qorri et al., 2022). Ernst
et al. (2018), after evaluating the performance of four prediction tools
(Align-GVGD (Tavtigian et al., 2006), SIFT (Kumar, Henikoff and Ng,
2009), PolyPhen2 (Adzhubei et al., 2010), MutationTaster2 (Schwarz et
al., 2014)) on a set of 161 BRCA1/2 missense variants, found
sensitivities ranging from 0.67 to 1.00 and specificities ranging from 0.67

to 0.92. While useful insight on the impact of variants was obtained, the
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study concluded that in silico tools are not suitable for prediction of VUS
in BRCA1/2. Similarly, in the study of Sadowski et al. (2017), for a set of
BRCA1/2 variants they compare the classifications given in the German
Consortium of Hereditary Breast and Ovarian Cancer (GC_HBOC)
database to the predictions obtained from three in silico tools (SIFT,
PolyPhen2, MutationTaster2). They observed high number of
misclassifications, affecting 417 patients with potential under or
overestimation of clinical relevance. More recently, Aljarf et al. (2022),
assessed the performance of BRCA1 and BRCAZ2-specific tools in
independent variant datasets (2882 for BRCA1 and 229 for BRCA2).
They reported achieving MCCs up to 0.89, a reasonably strong predictive
ability, although it is worth noting that the over-optimistic results may be
due to the using the same dataset for both feature selection and training

the model.

Overall, in silico approaches yield valuable results, but are still
considered unsuitable as a source of standalone evidence for diagnostic
purposes for several reasons. First, they generally integrate
heterogeneous information from different sources that may bias the
predictions due to unknown redundancies (Martinez-Garcia and
Hernandez-Lemus, 2022). Second, the results of most in silico tools are
difficult to interpret due to their black box nature (Azodi, Tang and Shiu,
2020). This becomes problematic as interpretation will play an
increasingly crucial role in the design and use of these tools in healthcare

applications (Rudin, 2019).

Different approaches are being explored in the field to improve the
performance and interpretability of pathogenicity predictors for clinical
applications. One that stands among them, introduced by Masica and

Karchin (2016), replaces the traditional objective of binary classification
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by that of predicting continuous effects of variants at the molecular level.
In their seminal work, the authors use the term “endophenotype” to

describe this continuous data, which is “...quantitative measurements
that are correlated with phenotypes via shared genetic causes (e.g.,
enzyme catalytic activity, serum cholesterol or glucose level, volumetric
lung capacity)”. This reformulation of the prediction objective offers
several advantages over the binary approach. Endophenotype prediction
is closer to the genotype, making it easier to predict than clinical
phenotypes, where genetic background and environmental effects can
play a modulatory role, even in Mendelian disease. Additionally,
replacing binary classifications by quantitative assessments is coherent
with the continuous nature of the disease (Niroula and Vihinen, 2017).
This innovative approach has been recently employed in our group
(Padilla et al., 2019) by building multiple linear regression model to
predict the results of the homology-directed repair (HDR) assays on
BRCA1/2 proteins. These good results obtained allowed our group to
reach the second place at the prestigious international challenge CAGI5-
Enigma (Cline et al., 2019) for the annotation of BRCA1/2 missense

variants.

The primary objective of the study presented in this chapter is to
investigate the power of regression models in predicting the molecular
impact of missense variants in BRCA1/2 by building BRCA1- and
BRCAZ2-specific models. Our starting point is the in-house multiple linear
regression (MLR) model developed in our group (Padilla et al., 2019). To
train our models, we used the HDR (Starita et al., 2017; Richardson et
al., 2021) and saturation genome editing (SGE) assays (Findlay et al.,
2018) as prediction targets and we characterized the variants using five
input features. We explored the predictive performance of five regression

algorithms: multiple linear regression, ridge, lasso, elastic net, and
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kernel. Next, we binarized the predictions of our regression models and
compared their performance in the prediction of the clinical phenotype
(pathogenic/benign). Lastly, we benchmarked our models against a set of

in silico tools.

In summary, our goal is to build regression models trained following the
endophenotype prediction paradigm (Masica and Karchin, 2016) for the
binary prediction of BRCA1/2 variants and see if they are comparable to
those standard tools trained with clinically labeled data. The main results
explained in this chapter have been published in Ozkan, Padilla and de
la Cruz, 2021. Selected figures, discussion points and the bibliography

have been updated for this thesis.

4.2. Materials and methods

This section is described in six parts: (i) dataset retrieval; (ii) discriminant
features; (iii) regression models; (iv) binarization of the regression

models; (v) binary classifiers and (vi) performance assessment.

4.2.1. Dataset retrieval

Dataset used in this study was collected from two available sources in
the literature: HDR assays for BRCA1/2 and SGE assay performed on
BRCAT1.

HDR is an assay that measures the change upon mutation in the ability
of BRCA1/2 to repair DNA double-stranded breaks (Moynahan et al.,
1999; Towler et al., 2013). For BRCA1, we retrieved HDR values for 44
variants (17 pathogenic and 27 benign) (Starita et al., 2015). For BRCA2,
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we retrieved HDR values for 252 variants (90 pathogenic and 162
benign) (Richardson et al., 2021).

SGE is a saturation genome editing experiment whose results for BRCA1
were presented in Findlay et al (2018). From this study, a total of 1837
missense variants with associated SGE values were retrieved. Using the
functional classification thresholds defined by the authors, variants were
labeled as pathogenic (score < -1.328), intermediate (-1.328 < score < -
0.748) and benign (score > -0.748). The final set constituted by 393

pathogenic, 1276 benign and 168 intermediate variants.

We also used a third variant dataset, which we called clinical phenotypes
(CP), constituted by variants with known binary clinical phenotype
(pathogen/benign). This dataset is a combination of two sources. One is
a manually curated set of missense variants used in a previous study of
our group (Padilla et al., 2019). The second source is a collection of
missense variants proposed in the CAGI 5-ENIGMA challenge (Cline et
al., 2019; Parsons et al., 2019) for BRCA1/2. The resulting CP dataset
consists of 350 variants (81 pathogenic and 269 benign) for BRCA1, and
308 variants (39 pathogenic and 269 benign) for BRCA2. This dataset
was used for testing the predictive performance of binarized
endophenotype estimates. The distribution of these datasets over the

protein sequences is shown in Figure 4.1.

The datasets described above were used in different train-test
combinations to characterize the performance of our computational

models.
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Figure 4.1: Sequence distribution of the BRCA1 and BRCAZ2 variants used
in this work. The distributions of the three datasets mentioned in the text for (a)
BRCA1 and (b) BRCAZ2 are shown in different colors: homology-directed repair
assay (HDR, pink), saturation genome editing (SGE, blue), and clinical
phenotype (CP, orange). The functional domains of the proteins are shown
using rectangular boxes, and the domain names are given on the side of each
protein sequence. The three-dimensional location of the variants is also shown
using the three-color codes assigned to each dataset. (BRCA1: PDB 1jm7 and
1t15; BRCA2: PDB 1iyj). Figure is taken from Ozkan, Padilla and de la Cruz,
2021.

4.2.2. Discriminant features

In our modeling approach, we have incorporated five features previously
utilized in research conducted by our group (Riera, Padilla and de la
Cruz, 2016; Padilla et al., 2019). These features correspond to properties

relevant to the variant function and are described below:

71 Shannon’s entropy (Cover and Thomas, 2005), a conservation

descriptor derived from the multiple sequence alignment (MSA) of the
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target protein’s family. It is equal to: -};; p; - log (p;), where p; is the
frequency of an amino acid with index i at the variant’s location in the
MSA. The index i goes over all natural amino acid types present at
that location.

T Position-specific scoring matrix (pssm-native) (Ng and Henikoff,
2001; Ferrer-Costa, Orozco and de la Cruz, 2004), also a

conservation measure derived from MSA. It reflects the conservation

fnat,i

of the native residue. It is equal to: log (f—) where f,4:; and
nat,MSA

fnatmsa are the frequencies of the native amino acid at the variant’s

location, i, and in the whole MSA respectively.

To study the impact of the MSAs on these properties, we repeated all the
computations using two different MSAs per protein. One, to which we
refer as Omsa, was retrieved from the Align-GVGD server (Tavtigian et

al., 2008) (http://agvgd.hci.utah.edu/about.php accessed on March

2018). The second MSA, to which we refer as Hmsa, was built following
the automatic procedure described in Riera et al. (2016). This procedure
includes: recovery of all BRCA1/2 homologs using a sequence similarity
search of Uniref100 (Suzek et al., 2007); filtering out distant homologs (<
40% sequence identity); and alignment of remaining sequences with
Muscle (Edgar, 2004).

1 Blosum62 matrix elements (Henikoff and Henikoff, 1992), obtained
from this well-known substitution matrix.

T van der Waals volume (Bondi, 1964), a measure of the size of the
amino acid side chain.

[l Hydrophobicity scale (Fauchere, 1983), corresponds to the free

energy of water/octanol transfer.
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4.2.3. Regression models

We built five BRCA1-specific and five BRCA2-specific regression models
for the prediction of functional assay values of BRCA1/2 variants. All
models were built using python package scikit-learn (Pedregosa et al.,

2011). The regression techniques implemented are described below:

Multiple linear regression (MLR) is a statistical technique that models a
linear relationship between a set of independent variables and a

dependent variable (target) (Hastie et al., 2009).

Ridge regression is a regularized regression technique that applies L2
regularization to shrink the size of the coefficients of the independent
variables (Hastie et al., 2009). The amount of shrinkage depends on the
complexity parameter A. In our Ridge models we used A values ranging

from 0.01 to 5, with a total of 20 evenly spaced values in between.

Lasso regression is also a regularized regression technique that applies
L1 regularization to the coefficients, a penalty term proportional to the
absolute magnitude of the coefficients (Hastie et al., 2009). In this case
sufficiently large A values can shrink coefficients to exactly zero. In our
Lasso models we used A values ranging from 0.05 to 5, with a total of 15

evenly spaced values in between.

Elastic Net regression is a combined version of Ridge and Lasso. In this
case, both L1 and L2 regularizations are applied to the coefficients of the
input features to balance the advantages of both penalties (Hastie et al.,
2009). In our Lasso models we used: A values ranging from 0.05 to 5 with
a total of 15 evenly spaced values in between for L2; values ranging from
0.1 to 1 with a total of 10 evenly spaced values in between for L1

regularization.
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Kernel regression is a non-parametric regression technique that
estimates the target variable by weighting the contribution of nearby
training examples based on their distance and a kernel function (Hastie
et al., 2009). In our Kernel models with radial basis function, we used A
values ranging from 0.01 to 5, with a total of 20 evenly spaced values in
between; and gamma values ranging from 0.1 to 10 with a total of 7

evenly spaced values in between.

These techniques were used for building BRCA1- and BRCA2-specific
regression models using the HDR and SGE assays in different
combinations. All models, except MLR, were subjected to a

hyperparameter tuning process with cross-validation.

4.2.4. Binarization of the regression models

As a follow-up step to the regression models, we binarized the
continuous predictions using decision thresholds given in the original
functional assay publications. For BRCA1 models trained using the HDR
assay dataset (Starita et al., 2015), predictions below 0.53 were labeled
as pathogenic, and those above were labeled as benign. For the BRCA1
models trained using the SGE assay dataset (Findlay et al., 2018),
predictions below -1.328 were labeled as pathogenic, and those above -
0.748 were labeled as benign. For BRCA2 models trained using HDR
assay dataset (Richardson et al., 2021), predictions below 2.25 were

labeled as pathogenic, and those above were labeled as benign.
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4.2.5. Binary classifiers

For comparison purposes, we also built two binary classifiers
(pathogenic/benign) per protein, using the python package scikit-learn
(Pedregosa et al., 2011). The binary classifiers were built using two

different techniques:

Random Forest (RF), which is an ensemble learning method used in
classification problems (Breiman, 2001; Hastie et al., 2009). It involves
building several decision trees using subsets of training data and input
features and aggregating the predictions to make a final decision. The
default parameters of the scikit-learn package were used for building the

random forest models.

Neural Network (NN), which is another commonly used classifier. It
involves building a network of interconnected neurons to learn and model
the relationship between the input features and the target classes (Hastie
et al, 2009). It is mostly suited for capturing complex non-linear
relationship in the data. We built our NN models with one hidden layer
and 5 hidden units.

To obtain BRCA1- and BRCA2-specific classifiers we used the variants
in the CP dataset, which were labeled as either benign or pathogenic. To
correct for the imbalance between these two variant types in CP, we
applied the SMOTE algorithm as implemented in the python package
scikit-learn (Pedregosa et al., 2011). The predictive performances of the
resulting models were assessed using leave-one-out cross validation
(LOOCV).

82



4.2. Materials and methods

Lastly, for benchmarking purposes we predicted the variants in the CP
dataset with ten standard pathogenicity predictors: Align-GVGD
(Tavtigian et al., 2006), SIFT (Kumar, Henikoff and Ng, 2009), PolyPhen2
(Adzhubei et al., 2010), PONP2 (Niroula, Urolagin and Vihinen, 2015),
CADD (Kircher et al., 2014), PMut (Lopez-Ferrando et al., 2017),
FATHMM (Shihab et al., 2013), MutationTaster2 (Schwarz et al., 2014),
REVEL (loannidis et al., 2016), and VEST4 (Carter et al., 2013). The
predictions were downloaded using dbNSFP database (Liu, Jian and
Boerwinkle, 2011; Liu et al., 2020).

4.2.6. Performance assessment

The performance of the regression model predictions is measured using

Spearman’s rank correlation, p (Winter, Gosling and Potter, 2016).

The performance of the binary predictions was measured using four
parameters: sensitivity, specificity, accuracy, Matthew’s correlation
coefficient (MCC). The formulas of these parameters are previously
described in section 1.4.3. Parameters for evaluating the

performance.
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4.3. Results

The predictive performances of BRCA1 and BRCA2-specific models are
described below under three main sections. In section 4.3.1, we focus
on examining the ability of the selected predictive features in the
quantitative modeling of the HDR and SGE assays for the protein
variants. In section 4.3.2, we test the success rates of the continuous
estimates when used for pathogenicity prediction. Finally, in section
4.3.3, we compare the results of our two in-house classification

predictors against a set of ten representative in silico tools.
4.3.1. Modelling the impact of variants on endophenotype

BRCA1- and BRCA2-specific regression models were built using different
combinations of functional assays and train/test strategies. In Table 4.1

we describe all the combinations used for developing our models.
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Table 4.1: Description of the training/test set combinations used for all the
models developed in this work. Train and Test columns show the abbreviation
of the functional assays used and the dataset size in parenthesis. HDR:
homology directed repair assay; SGE: saturation genome editing; CP: clinical
phenotype; MLR: Multiple linear regression. Table is adapted from Ozkan,
Padilla and de la Cruz, 2021.

PROTEIN TRAIN TEST VALIDATION MODELS
Leave-one-out
HDR (44) HDR (44) cross validation MER
HDR (44) SGE (1800) '”d:s"s"’a"ydse”‘ MLR, Ridge, Lasso, Elastic, Kernel
SGE (1800)  HDR (44) '”d:sf’:a"y‘le”‘ MLR, Ridge, Lasso, Elastic, Kernel
BRCA1  SGE (1377)  SGE (460) Tra:]‘;e;)f:p"t MLR, Ridge, Lasso, Elastic, Kernel
HDR (44) CP (321) '"d:;fa’;,dse“‘ MLR, Elastic, Kernel
SGE (1686)  CP (350) '"d:é’:a"y‘le”t MLR, Elastic, Kemel
Leave-one-out
CP (350) CP (350) e e e Random Forest, Neural Network
Leave-one-out
HDR (252) HDR (252) crﬁz‘;";’;’i‘;aggn MLR
HDR (189)  HDR (63) Trag‘;f:;ssp"‘ MLR, Ridge, Lasso, Elastic, Kernel
BRCA2
HDR (252) CP (252) '”d:s"s"’a"y‘le”‘ MLR, Elastic, Kemel
CP (308) CP (308) LEREe R Random Forest, Neural Network

cross validation

The overall workflow of the LOOCV scheme is shown in Figure 4.2, a.
The models that were evaluated with different train/test combinations
were subjected to hyperparameter tuning with cross-validation during
their training, as shown in Figure 4.3.
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Figure 4.2: Cross-validation of the Multiple linear regression (MLR) model
and observed vs predicted performances of BRCA1 and BRCA2. (a)
Workflow for the leave-one-out cross validated Multiple Linear Regression
model. The pipeline is applied separately for BRCA1 ( (b) and (d) ) and BRCAZ2 (
(c) and (e) ) using the corresponding HDR datasets. For each protein, two
regression models were built: one with three and another with five input features.
The scatter plots (b-d) show the cross-validated performances of the four
models, where the horizontal and the vertical axes correspond to the predicted
and the observed HDR. The Spearman rank correlation (p) values and the
corresponding p-values are shown at the bottom-right of each scatter plots. The
dashed lines indicate the functionality thresholds defined in the literature for

these assays. Figure taken from Ozkan, Padilla and de la Cruz, 2021.

4.3.1.1. Predicting the outcome of homology-directed repair
(HDR) assays using multiple linear regression (MLR)

models

For BRCA1, the variants from HDR dataset were too few (44 variants) to

split them into train and test set shown in Figure 4.3. Therefore, we
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started our analysis with the evaluation of MLR models following the
LOOCV scheme. For BRCA2, although the HDR dataset had sufficient
variants, we applied the workflow of building MLR models with LOOCYV,

for comparison purposes.

[ Variant dataset ]
v

[ Feature computation ]

Training data Testing data

A\ 4

Hyperparameter tuning ] Select best model ‘
& J =| Model I

model evaluation

(- )
 — - ) leave-one-out ¥

( | I | ) . .
0 — cross validation K
[ Evaluating ]

performance results

Figure 4.3: Workflow used for developing the regression models of
functional assay estimates. The boxes represent the main steps of the
process, which include obtention of the variant dataset, the characterization of
the variants with predictive features, training and hyperparameter tuning, and
performance estimation. Due to the size of the training set, hyperparameter
tuning was applied using leave-one-out cross validation. Figure taken from
Ozkan, Padilla and de la Cruz, 2021.
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For the MLR models, we built two versions; one with three features
(Blosum62, Shannon’s entropy and position-specific scoring matrix) and
another with five features (Blosum62, Shannon’s entropy, position-
specific scoring matrix, van der Waals and hydrophobicity). The results
are shown in Figures 4.2.b-e. We noticed a moderate relationship
between observed and predicted values for both BRCA1 (three features:
p = 0.66, p-value ~ 0; five features: p = 0.56, p-value ~ 0) and BRCA2
(three features: p = 0.50, p-value ~ O; five features: p = 0.50, p-value ~
0). These results show that for BRCA1/2, and within the limits imposed
by our datasets, we can use the chosen features to estimate the change

of an endophenotype upon a mutation with moderate accuracy.

4.3.1.2. Predicting the outcome of BRCA1/2 variants with other

regression models

Next, we tested the MLR, Ridge, Lasso, Elastic and Kernel regressions
using different combinations of training/test data (Table 4.1) following the
scheme in Figure 4.3. The performance of each model is shown in

Figure 4.4.

BRCA1 models are shown in Figure 4.4 (upper box, a-o.), for the MLR,
Elastic, Kernel, Ridge, and Lasso models. As we can see, the p values
confirm a moderate predictive ability for the different regressions. Most of
the results for the frain SGE/test SGE and train HDR/test SGE
combinations were comparable, except for the Kernel regression applied
to the train HDR/test SGE (Figure 4.4,h). In this case, the resulting p
value = 0.19, was lower than the other cases of the same train/test

combination (p = 0.43).
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Figure 4.4: Observed vs predicted performances of five different
regression models (Multiple linear regression (MLR), Elastic, Kernel,
Ridge, Lasso) using Omsa-based features on three train/test set
combinations for BRCA1 and one for BRCA2. BRCA1 models are shown in
the upper block (a-o0) and BRCA2 models in the lower block (a-e). In the scatter
plots, the horizontal and vertical axes correspond to the predicted and observed

values, respectively. The Spearman rank correlation (p) values and the
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4. Endophenotype-based strategy for pathogenicity prediction in BRCA1/2 missense variants

corresponding p-values are shown at the bottom-right of each scatter plot. Each
row corresponds to the results obtained with a specific combination of
training/test sets (see Table 4.1). In the cases where the training and test sets
are the same, 75% and 25% of the variants are devoted for training and testing,
respectively. The dashed lines indicate the functionality thresholds defined in the
literature for these assays. Figure is adapted from Ozkan, Padilla and de la
Cruz, 2021.

The train SGE/test HDR cases deserve special mention because their p
values were the highest (in the vicinity of 0.6). This improvement may be
due to fact that the training set was the largest (1800 variants), and the
parameter estimates were, consequently, more accurate. However, we
cannot discard the possibility of a small-sample effect, resulting from the

reduced number of variants, 44, in the test set.

For BRCA2 (Figure 4.4, lower box), we had a smaller number of
variants with functional assays available thus limiting the number of
train—test combinations (Table 4.1). The results obtained for MLR,
Elastic, Kernel, Ridge and Lasso were not substantially different from
those found for BRCA1: p values in the moderate range (0.47—0.60), with

Kernel regression showing the poorest results (p = 0.47).

An aspect worth noting for both proteins is that all the parametric models
(MLR, Ridge, Lasso and Elastic) displayed low or very low coefficients for
the van der Waals volume and hydrophobicity features, the two new
descriptors of the amino acid changes. In fact, the Lasso and Elastic
methods favored an explicit elimination of hydrophobicity (Table S4.1). In
summary, we found that for BRCA1/2, within the limits imposed by our
datasets, we could estimate the quantitative trait change upon mutation

with moderate accuracy, and the refinements of the coefficients with the
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regularizations did not improve the predictive power significantly

compared to more simplistic MLR models.

4.3.1.3. Effect of MSA on endophenotype estimates

Next, we reproduced all the results in the previous sections using the
second version of the MSAs. The results obtained with Hmsa alignments
are shown in Figure 4.5. We observed some minor differences in the p
values relative to the Omsa results. For example, the Elastic model for
the pair train SGE/test SGE gave p's of 0.49 and 0.47 for Omsa and
Hmsa, respectively; the Kernel approach for the pair train SGE/test HDR
gave 0.54 and 0.60, respectively, etc.

Overall, the results obtained support our previous conclusion: for BRCA1
and BRCA2, we can estimate, with moderate accuracy, the

endophenotype change upon mutation.
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Figure 4.5: Observed vs predicted performances of five different
regression models (Multiple linear regression (MLR), Elastic, Kernel,
Ridge, Lasso) using Hmsa-based features. BRCA1 models are shown in the
upper block (a-o) and BRCA2 models in the lower block (a-e). In the scatter
plots, the horizontal and vertical axes correspond to the predicted and observed
values, respectively. The Spearman rank correlation (p) values and the

corresponding p-values are shown at the bottom-right of each scatter plot. Each
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row corresponds to the results obtained with a specific combination of
training/test sets (see Table 4.1). In the cases where the training and test sets
are the same, 75% and 25% of the variants are devoted for training and testing,
respectively. The dashed lines indicate the functionality thresholds defined in the
literature for these assays. Figure is adapted from Ozkan, Padilla and de la
Cruz, 2021.

4.3.2. Performance of the regression models for pathogenicity

prediction

In this section, we assess how good the quantitative predictions are for
pathogenicity prediction, i.e., to which extent we can predict if a variant is
pathogenic or benign using the results of the regression models. This
evaluation is crucial for understanding how well these models can be
used in clinical applications. To test this idea, we followed a four-step
procedure. First, we obtained the CP dataset, a collection of variants of
known pathogenic/benign nature (see section 4.2.1. Dataset retrieval).
Second, we trained the regression models using the HDR functional
assay sets minus the variants in the CP dataset. Third, we used these
models to estimate the functional assay values of the variants in the CP
dataset. And fourth, we transformed the resulting outputs into binary
predictions (pathogenic/benign), using the functional assay thresholds
provided in the original publications (see section 4.2.4. Binarization of

the regression models).

The results obtained for BRCA1/2 are shown in Figure 4.6 (BRCA1 in
upper box, BRCA2 lower box). The accuracies and MCCs in Figure 4.6 a
and ¢ for BRCA1 and BRCAZ2, respectively; the sensitivities and
specificities are shown in Figure 4.6 b and d for BRCA1 and BRCA2,
respectively (Table S4.2).

93



4. Endophenotype-based strategy for pathogenicity prediction in BRCA1/2 missense variants
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Figure 4.6: Performances of regression-based pathogenicity predictions.
Using the functionality thresholds from the literature (see Materials and
Methods), continuous endophenotype predictions are binarized to
pathogenic/benign. The performances of the models are described using four
parameters: Accuracy and MCC in (a) and (c) for BRCA1 and BRCA?2,
respectively. The half circles external to the radar plots identify the results
obtained with different multiple sequence alignments: Omsa (blue) and Hmsa
(pink). The other two parameters (sensitivity and specificity) are shown in (b)
and (d) for BRCA1 and BRCA2, respectively. Each model is represented with a
different color and MLR (3) model is labeled. Figure is adapted from Ozkan,
Padilla and de la Cruz, 2021.
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Overall, we observed some common trends for both proteins. For
instance, Kernel-based predictions had the poorest performances of all,
with MCCs between 0.12 to 0.2 for BRCA1, and 0.17 to 0.19 for BRCA2.
Furthermore, there is an apparent contradiction between the moderately
good values for accuracy (75-87% for BRCA1; 80-94% for BRCA2) and
the more modest MCC values (0.34-0.58 for BRCA1; 0.2-0.4, for
BRCAZ2). This contradiction is explained by the considerable imbalance
between specificity and sensitivity for all the methods (Figures 4.6.b and
d for BRCA1 and BRCAZ2, respectively): while specificities are over 80%
for both proteins, sensitivities are closer to, or below, 50% for BRCA1
and well below 50% for BRCA2. The imbalance between specificity and
sensitivity is higher for BRCA2 (Figure 4.6.d) than for BRCA1 (Figure
4.6.b) and is consistent with the lower MCCs displayed for BRCA2.
Lastly, the predictive performance of the Omsa-based methods was
better than that of the Hmsa-based methods, particularly if we focused on
the MCC. However, in both cases, the MCCs are relatively good,

supporting a discriminant ability different from random.

The results indicated that all the models had a certain predictive power
and that, among them, MLR was the one with the highest MCC values.
We can conclude from these analyses that the computational regression
estimates can be transformed into pathogenicity predictions, with
moderate success rates and with a bias towards higher specificities. In

general, the performances were better for BRCA1 than BRCA2 models.
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4.3.3. Benchmarking the regression-based pathogenicity

predictions against standard in silico predictions

Lastly, we built two in-house predictors, a Random Forest (RF) and a
Neural Network (NN) classifier, for comparison against standard in silico
tools to ensure a fair comparison between the regression-based
predictors and the standard tools, given the difference between these

tools. (see section 4.2.5 Binary classifiers).

The results are shown in Figure 4.7 (BRCA1 in upper box, BRCA2
lower box). If we first consider the in-house predictors, we find that the
performances of RF and NN are similar, although from the point of view
of MCC, particularly when using Omsa, RF has a somewhat better
performance. For this reason, and to favor presentation clarity, we will

restrict our analysis to RF predictors in the remainder of this work.

RF predictors were shown to be competitive, with MCCs (BRCA1:0.71 -
BRCAZ2:0.62) comparable or better than those of the standard tools like
PMut (BRCA1:0.65 - BRCA2:0.59), VEST4 (BRCA1:0.55 - BRCAZ2:0.51),
and REVEL (BRCA1:0.37 - BRCA2:0.52) (Table S4.3). In fact, only
Align-GVGD (BRCA1:0.79 - BRCA2:0.71) had better MCCs than the
RFs. For BRCA1, the balance between the sensitivity and specificity
values (Figure 4.7.b) for RF-Omsa was better than that of any other tool.
For BRCA2, the situation was somewhat different, some of the best-
performing standard tools (FATHMM (Shihab et al., 2013), REVEL
(loannidis et al., 2016) and VEST4 (Carter et al., 2013)) showed better
balances than RF-Omsa. The competitiveness of the RFs dropped a little
when using Hmsa instead of Omsa (Figures 4.7.c and d); however, they
still had significant success rate. Overall, the results confirmed that RFs

trained with the features used in this work have good success rates in the
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pathogenicity prediction of BRCA1/2 missense variants, comparable to

that of the standard tools.
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Figure 4.7: Comparing the performances of the pathogenicity predictors of
BRCA1 and BRCA2 against ten standard tools. The performances of ten
well-known pathogenicity predictors are compared against a family of RF and
NN predictors specific for BRCA1 and BRCA2, separately. For each RF and NN
predictors two versions are generated, based on the origin of the multiple-
sequence alignment utilized to compute the conservation-based properties
(Omsa and Hmsa). The performances of the models are described using four
parameters: Accuracy and MCC in (a) and (c) for BRCA1 and BRCA?2,
respectively. The other two parameters, sensitivity, and specificity are shown in
(b) and (d) for BRCA1 and BRCAZ2, respectively. Figure is adapted from Ozkan,
Padilla and de la Cruz, 2021.
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In comparing regression-based pathogenicity predictions to those
generated by the RFs, we observe that the RFs outperform the former in
terms of MCC (Figure 4.8.a) and sensitivity (Figure 4.8.b). The trend is
reversed in specificity (Figure 4.8.c) although the difference was minor.
When the prediction results of the MLR-based predictors were compared
against the standard predictors used in Figure 4.7, we found that the
MLR models had better MCCs for BRCA1 (except for Pmut and Align-
GVGD), a trend reversed for BRCA2. For both proteins, regression-
based pathogenicity predictions have specificities clearly above
sensitivities, while the opposite is the case for the standard pathogenicity
predictors, except for Align-GVGD and Pmut for BRCA1.
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Figure 4.8: Performance comparisons between regression-based and
binary predictions. The performance of RF and regression models (MLR,
Elastic and Kernel) are shown using bar plots for three parameters: (a) MCC, (b)
sensitivity and (c) specificity. BRCA1 and BRCAZ results are colored to blue and

green, respectively. Figure is taken from Ozkan, Padilla and de la Cruz, 2021.

Finally, we compared RF and MLR at the variant level, looking for
discrepancies between them. The idea was to understand how RF
outperforms MLR: by correctly predicting the same variants as MLR, plus

some new cases, or by increasing the overall number of correct
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predictions, regardless of whether they coincide or not with the correct
MLR predictions. As shown in Figure 4.9, RF failed the predictions for
some variants that were correctly predicted with MLR. Interestingly, we
also saw that part of the RF failures were borderline cases from the

endophenotype point of view.
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Figure 4.9: Variant-level description of the discrepancies between
endophenotype-based pathogenicity predictions (Multiple Linear
Regression (MLR)) and binary (Random Forest (RF)) models for BRCA1
and BRCAZ2. The plots are shown separately for each protein; (a) BRCA1 and
(b) BRCA2. Three vertical lines in each plot represent, from left to right, the
following: the values of the endophenotype estimates (obtained with MLR), the
actual pathogenic classes of the variants (benign-top, pathogenic-bottom), and
the RF predictions for the variants. In this representation system, each variant is
characterized by a triplet, e.g., 0.75, Benign, Pathogen. The triplets are united by
a line, which, in our example, would go from 0.75 (firs column) to Benign
(second column) and to Pathogen (third column). We display only the variants
for which MLR was successful and RF failed (yellow line); and vice versa (blue
line). The dashed line indicates the functionality threshold for the homology-

directed repair assay. Figure is taken from Ozkan, Padilla and de la Cruz, 2021.
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This comparison at the variant level of the two approaches showed that,
for some cases, the regression-based predictions were correct while the
corresponding RF predictions failed. This indicated the existence of a
certain degree of complementarity between both approaches that could
support their combined use. In summary, the performances of the
regression-based estimates, when used for pathogenicity prediction,
were comparable to that of the standard tools in the field in the case of
BRCA1 and somewhat lower for BRCA2. However, they showed an

unwanted bias towards benign predictions.

4.4. Discussion

Endophenotypes are quantitative measurements of low-level phenotypes
whose changes upon mutation may be easier to predict than binary
pathogenic/benign status (Masica and Karchin, 2016). This proximity
may simplify the prediction problem, by reducing the need for terms
representing a genetic background. This is an important advantage given
the high complexity of these terms (De Visser and Krug, 2014) and lack

of data for their appropriate representation for several proteins.

Overall, our results indicate that the use of endophenotypes, in this case
the functional assay values of BRCA1/2, for pathogenicity prediction
yields reasonable outcomes. These results are nearly as competitive as
those achieved with pathogenicity predictors specifically trained for
predicting the clinical outcome. In accordance with previous work on our
group on regression-based pathogenicity predictors (Padilla et al., 2019),
we find that the success rate of our predictions was different between
BRCA1 and BRCAZ2, being lower for the latter (Figure 4.8). This
difference, also noted by Hart et al. (2018) in their BRCA1/2 predictors,
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indicated that genetic background may not be the only source of
variability in the performances of the in silico tools. The properties related
to the molecular functions of the protein, like 3D structure or pattern of
protein—protein interactions, etc., are different between BRCA1 and
BRCA2 and may not be equally captured by the MSA-based properties
included in our models. This suggests that the estimates of the BRCA2-

related endophenotypes may require additional properties.

While our findings show promise, it is important to acknowledge the
limitations inherent in our models. The number of experimentally
validated deleterious variants in BRCA1 and BRCA2, key for model
development, is limited, imposing a challenge for the development of
machine learning models. Indeed, data limitations lead us to use only
very few parameters, mostly conservation-related features, for building
our models. Although these features provide an indirect measure of a
variant’'s impact, complementary features to improve the model
performances should be added, such as structure-based properties or
features related to protein stability. This need for new features is
explored more in depth in our next chapter, where quantitative predictors

of variant effects are generalized to all proteins.

Finally, it is important to mention that, independently from the predictive
ability, an advantage that supports the use of regression-based
predictions is related to the interpretability of the results. In regression
models, particularly when regularization is used, the output is directly
interpretable in terms of the independent variables. This degree of
interpretability is not always straightforward in machine learning

classifiers, given their black box nature (Rudin, 2019).
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4.5. Conclusion

Although, with their present performances, in silico tools are not yet
recommended as a stand-alone source of evidence, the recent surge of
new ideas and techniques in the prediction field may change this
situation sooner than expected. In our case, our results confirm that it is
possible to computationally estimate the endophenotype change upon
mutation, i.e., the output of functional assays, for variants in BRCA1/2
proteins. These estimations may reach an accuracy level compatible with
their subsequent use for pathogenicity predictions. We found that the
training of the regression models had some technical subtleties. We hope
that future efforts will increase their success rates, bringing them closer

to clinical applications.
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4.6. Supporting information
List of material in the supporting information:

1 Table S4.1: Regression coefficients for the different regression
models in this work shown in Figure 4.4.

71 Table $S4.2: Performances of the endophenotype-based
pathogenicity predictions shown in Figure 4.6

1 Table S$4.3: Performances of the pathogenicity predictors shown
in Figure 4.7.
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Table S4.1: Regression coefficients for the different regression models in
this work shown in Figure 4.4. Column MODEL gives the type of model
trained (see Materials and Methods). Column ‘TRAINING/TEST SETS’ contains
the abbreviation of the training/test datasets; in parentheses we show the values
of the hyperparameters for the different regression models. Column
INTERCEPT has the values of the intercept in each regression model. The

remaining columns provide the coefficients of the different properties used in the

model.
PROTEIN MODEL TRAIN/TEST SETS INTERCEPT BLOSUM62 PSSM ENTROPY VAN DER WAALS HYDROPHOBICITY]

BRCA1 MLR HDR/HDR_loocv REF (3) 1,73 0,04 -0,23 0,1
BRCA1 HDR/HDR_loocv 1,66 0,05 -0,22 0,1 0,002 -0,002
BRCA1 SGE/SGE -0,48 0,14 -0,12 0,41 -0,0005 0,02
BRCA1 HDR/SGE 1,66 0,05 -0,22 0,1 0,002 -0,002
BRCA1 SGE/HDR -0,48 0,13 -0,11 0,42 -0,001 0,02
BRCA1 RIDGE SGE/SGE (a =13,6) -0,46 0,14 -0,12 0,4 -0,0005 0,02
BRCA1 HDR/SGE (a=7) 1,44 0,06 -0,18 0,1 0,002 -0,003
BRCA1 SGE/HDR (a=12,6) -0,47 0,13 -0,11 0,41 -0,001 0,02
BRCA1 LASSO SGE/SGE (a = 0,05) -0,54 0,11 -0,08 0,36 -0,002 0
BRCA1 HDR/SGE (a = 0,05) 1,47 0,05 -0,17 0,04 0,0006 0
BRCA1 SGE/HDR (a = 0,05) -0,54 0,1 -0,07 0,36 -0,002 0
BRCA1 ELASTIC SGE/SGE (a= 0,05/L1=0,2) -0,43 0,12 -0,11 0,38 -0,0009 0
BRCA1 HDR/SGE (a=0,05/L1=0,4) 1,53 0,05 -0,2 0,08 0,001 0
BRCA1 SGE/HDR (a=0,05/1L1=0,2) -0,42 0,11 -0,1 0,38 -0,001 0
BRCA2 MLR HDR/HDR_loocv REF (3) 3,56 0,34 -0,13 0,82
BRCA2 HDR/HDR_loocv 3,6 0,33 -0,15 0,82 0,004 -0,09
BRCA2 HDR/HDR 3,93 0,32 -0,23 0,72 0,004 -0,07
BRCA2 RIDGE HDR/HDR (a = 9,6) 4 0,31 -0,25 0,63 0,004 -0,08
BRCA2 LASSO HDR/HDR (a = 0,05) 4 0,31 -0,22 0,6 0,003 -0,03
BRCA2 ELASTIC HDR/HDR (a= 0,05/L1=0,1) 4,04 0,31 -0,24 0,62 0,004 -0,07
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4.6. Supporting information

Table S4.2: Performances of the endophenotype-based pathogenicity
predictions shown in Figure 4.6. Column ‘PREDICTOR’ provides the name of
the regression model originating the endophenotype estimates, the number of
features employed (F3: three, F5: five), the msa used to compute the
conservation-based properties. We only give the results for the HDR-trained
regression models. MCC-Matthews Correlation Coefficient; SN-Sensitivity; SP-
Specificity; ACC-Accuracy; PPV-Positive Predictive Value; NPV-Negative
Predictive Value; TP-True Positives (correct pathogenic predictions); TN-True
Negatives (correct benign predictions); FP-False Positives (incorrect
pathogenicity predictions); FN-False Negatives (incorrect benign predictions); P-
Number of pathogenic variants; N-Number of benign variants; TOTAL-Total
number of variants (pathogenic+benign);, COVER: fraction of variants with a

prediction produced.

PROTEIN PREDICTOR mcc SN SP ACC PPV NPV TP TN FP FN P N TOTAL COVER
BRCA1 | MLR_F3_Omsa_HDR/CP 0.581 0.529 0.964 0.872 0.8 0.884 36 |244| 9 | 32 | 68 |253| 321 1.0
BRCA1 MLR_F5_Omsa 0.505 0.426 0.968 0.854 0.784 0.863 29 |245| 8 | 39 | 68 |253| 321 1.0
BRCA1 ELASTIC_F5_Omsa 0.479 0.397 0.968 0.847 0.771 0.857 27 |245| 8 | 41 | 68 |253| 321 1.0
BRCA1 KERNEL_F5_Omsa 0.201 0.794 0.447 0.52 0.278 0.89 54 |113|140| 14 | 68 |253| 321 1.0
BRCA1 MLR_F3_Hmsa 0.336 0.529 0.826 0.763 0.45 0.867 36 | 209 |44 | 32 | 68 |253| 321 1.0
BRCA1 MLR_F5_Hmsa 0.296 0.5 0.814 0.748 0.42 0.858 34 | 206 |47 | 34 | 68 |253| 321 1.0
BRCA1 ELASTIC_F5_Hmsa 0.285 0.471 0.826 0.751 0.421 0.853 32 |209|44 | 36 | 68 |253| 321 1.0
BRCA1 KERNEL_F5_Hmsa 0.121 0.779 0.36 0.449 0.247 0.858 53 | 91 |162| 15 | 68 |253| 321 1.0
BRCA2 MLR_F3_Omsa 0.46 0.353 0.987 0.944 0.667 0.955 6 (232 3 | 11 | 17 (235| 252 1.0
BRCA2 MLR_F5_Omsa 0.416 0.235 0.996 0.944 0.8 0.947 4 |234| 1 | 13| 17 |235| 252 1.0
BRCA2 ELASTIC_F5_Omsa 0.416 0.235 0.996 0.944 0.8 0.947 4 |234| 1 | 13| 17 |235| 252 1.0
BRCA2 KERNEL_F5_Omsa 0.168 0.412 0.843 0.813 0.159 0.952 7 (19837 | 10 | 17 |235| 252 1.0
BRCA2 MLR_F3_Hmsa 0.33 0.294 0.974 0.929 0.455 0.95 5 (229 6 | 12 | 17 |235| 252 1.0
BRCA2 MLR_F5_Hmsa 0.311 0.294 0.97 0.925 0.417 0.95 5 (228 7 | 12 | 17 |235| 252 1.0
BRCA2 ELASTIC_F5_Hmsa 0.33 0.294 0.974 0.929 0.455 0.95 5 (229 6 | 12 | 17 (235| 252 1.0
BRCA2 KERNEL_F5_Hmsa 0.188 0.471 0.826 0.802 0.163 0.956 8 |194|41| 9 | 17 |235| 252 1.0
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4. Endophenotype-based strategy for pathogenicity prediction in BRCA1/2 missense variants

Table S4.3: Performances of the pathogenicity predictors shown in Figure
4.7. Column PREDICTOR has the name of the tools used. All of them are
mentioned (standard tools) or described (our RF and NN predictors). The names
of the remaining columns correspond to the following: MCC-Matthews
Correlation Coefficient; SN-Sensitivity; SP-Specificity; ACC-Accuracy; PPV-
Positive Predictive Value; NPV-Negative Predictive Value; TP-True Positives
(correct pathogenic predictions); TN-True Negatives (correct benign predictions);
FP-False Positives (incorrect pathogenicity predictions); FN-False Negatives
(incorrect benign predictions); P-Number of pathogenic variants; N-Number of
benign variants; TOTAL-Total number of variants (pathogenic+benign); COVER:

fraction of variants with a prediction produced.

PROTEIN PREDICTOR mcc SN sP ACC PPV NPV TP TN FP FN P N TOTAL COVER
BRCA1 | P38398_RF_Omsa| 0.713 0.815 0.918 0.894 0.75 0.943 | 66 | 247 | 22 | 15 | 81 [269 | 350 1.0

P38398_NN_Omsa| 0.667 0.84 0.877 0.869 0.673 0.948 | 68 |236| 33 | 13 | 81 [ 269 | 350 1.0
P38398 RF_Hmsa | 0.574 0.691 0.892 0.846 0.659 0.906 | 56 240 29 | 25 | 81 [269 | 350 1.0

P38398_NN_Hmsa| 0.358 0.667 0.74 0.723 0.435 0.881 | 54 |199| 70 | 27 | 81 | 269 | 350 1.0

AGVGD 0.788 0.815 0.959 0.926 0.857 0945 | 66 258 11 | 15 | 81 [269 | 350 1.0
POLYPHEN2 0.298 0.827 0.524 0.594 0.344 091 67 | 141|128 | 14 | 81 [ 269 | 350 1.0
SIFT 0.332 0.988 0.368 0.511 0.32 0.99 80 | 99 (170 1 | 81 [269| 350 1.0
PONP2 0.389 1.0 0.238 0.673 0.636 1.0 56 | 10 | 32 | O | 56 | 42 98 1.0
CADD 0.275 1.0 0.412 0.481 0.184 1.0 27 | 84 |120| O | 27 [204| 231 1.0
PMUT 0.648 0.938 0.803 0.834 0.589 0977 | 76 |216| 53 | 5 | 81 [269| 350 1.0
FATHMM 0.227 0.901 0.342 0.471 0.292 0.92 73 | 92 (177 | 8 | 81 [269 | 350 0.997
VEST4 0.548 0.988 0.662 0.737 0.468 0.994 | 80 | 178 | 91 1 |81 [269| 350 0.997
REVEL 0.367 0.988 0.42 0.551 0.339 0991 | 80 |113|156| 1 | 81 [269| 350 0.997

MUTATIONTASTER2| 0.462 1.0 0.539 0.646 0.395 1.0 81 (145|124 0 81 | 269 | 350 0.997
BRCA2 | P51587_RF_Omsa | 0.617 0.744 0.929 0.906 0.604 0.962 | 29 |250| 19 | 10 | 39 [ 269 | 308 1.0
P51587_NN_Omsa| 0.521 0.769 0.87 0.857 0.462 0.963 | 30 | 234| 35 9 39 | 269 | 308 1.0
P51587_RF_Hmsa | 0.544 0.667 0.922 0.89 0.553 0.95 26 (248 | 21 | 13 | 39 [ 269 | 308 1.0

P51587_NN_Hmsa| 0.421 0.718 0.825 0.812 0.373 0.953 | 28 | 222| 47 | 11 | 39 | 269 | 308 1.0

AGVGD 0.709 0.795 0.951 0.932 0.705 0.97 31 |255| 13 8 39 | 268 | 307 1.0
POLYPHEN2 0.332 0.923 0.576 0.62 0.24 0981 | 36 | 155|114| 3 39 | 269 | 308 1.0
SIFT 0.36 0.846 0.68 0.701 0.277 0.968 | 33 | 183 | 86 6 39 269 | 308 1.0
PONP2 0.528 0.97 0.54 0.711 0.582 0964 | 32 | 27 | 23 1 33 | 50 83 1.0
CADD 0.326 0.974 0.513 0.571 0.225 0.993 | 38 |138|131| 1 39 | 269 | 308 1.0
PMUT 0.589 0.641 0.948 0.909 0.641 0.948 | 25 | 255| 14 | 14 | 39 | 269 | 308 1.0
FATHMM 0.562 0.846 0.855 0.854 0.478 0972 | 33 212 36 6 39 | 248 | 287 0.564
VEST4 0.514 0.872 0.806 0.815 0.415 0.976 | 34 | 200 | 48 5 39 | 248 | 287 0.564
REVEL 0.522 0.846 0.827 0.829 0.434 0972 | 33 205 43 6 39 | 248 | 287 0.564

MUTATIONTASTER2| 0.482 0.897 0.762 0.78 0.372 0979 | 35 |189| 59 | 4 | 39 |248 | 287 0.564
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protein-specific predictors






5.1. Introduction

Quantitative prediction of the functional consequences of missense
variants has emerged as a vital aspect across research domains (Masica
and Karchin, 2016), with potential applications in protein evolution
modeling, rational protein design, etc. Particularly in precision medicine,
accurate estimation of the functional effects caused by missense variants
has the potential to revolutionize genomic information utilization (Zhou et
al., 2019). Currently, the computational tools that are used for aiding in
interpretation of the variants are typically binary pathogenicity predictors
(Grimm et al., 2015; Niroula and Vihinen, 2016; Ozkan et al., 2021).
Despite not being perfectly accurate, these methods have proven as
sufficiently effective to warrant their inclusion in the ACMG/AMP
guidelines for variant interpretation (Richards et al., 2015). However, they
have inherent limitations that restrict their usefulness (Sun and Yu, 2019;
Liu et al., 2022). The simplified binary classifications fail to capture the
natural gradient of variant effects, resulting in potentially inaccurate
intermediate scores (Starita et al.,, 2017; Cubuk et al., 2021). Because
pathogenicity predictors assume that a variant's impact is constant
regardless of the genetic context, they cannot capture this influence in
the disease phenotype (Vihinen, 2020; Tabet et al., 2022), and therefore
oversimplify that some variants may be harmful depending on the
individual's overall genetic makeup. Additionally, such predictors lack
interpretability due to the black box nature of the predictors (Rudin, 2019;
Azodi, Tang and Shiu, 2020; Musolf et al., 2022), e.g., difficulties in
understanding the working mechanism or how they end up with certain

decisions.

Despite recent advances in protein science, developing de novo

theoretical models for the quantitative estimation of missense variant
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5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

effects in clinical applications is challenging. In this scenario, data-driven
approaches based on deep mutational scanning (DMS) experiments are
starting to provide a promising alternative (Fowler and Fields, 2014;
Livesey and Marsh, 2020). DMS data integrate the molecular impact of
variants on the protein’s function, structure, and stability (Bhasin and
Varadarajan, 2021). With the increasing amount of DMS experiments
published (Livesey and Marsh, 2020), the variant datasets with functional
assays could be used for the development of predictors (Masica and
Karchin, 2016). This idea has recently crystallized in the general method
ENVISION (Gray et al., 2018), a reference predictor devised to estimate
the quantitative impact of variants. More methods based on Deep
Learning approaches, like ECNet (Luo et al., 2021), are also making
progress in this area. Collectively, these studies address the predictive
challenge from various perspectives; however, their modest progress
underscores the inherent complexity of the problem. Additionally, they
have not been fully tested in prediction of the binary impact of variants.
Therefore, development of quantitative tools for predicting the molecular
impact of missense variants holds promise for handling the challenges
faced with the variant interpretation problem. Given these circumstances,
it is natural to question whether the quantitative approach to predicting
variant effects will meet the requirements of clinical variant interpretation
before its competitors: DMS experiments and binary classifiers. This
consideration arises when we focus on two significant factors: Firstly,
DMS experiments, the experimental counterpart to the quantitative
approach, are rapidly advancing and gaining recognition for their
valuable contributions to clinical diagnosis (Starita et al., 2017; Gelman et
al., 2019; Tabet et al., 2022). Secondly, binary classifiers have exhibited
remarkable performance levels, prompting a reevaluation of their role in
clinical variant interpretation, and highlighting their potential for variant

annotation (Garcia, Andrade and Palmero, 2022; Pejaver et al., 2022).
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5.1. Introduction

In this study, we tackle the challenge of predicting the molecular impact
of missense variants by developing binary classifiers based on
guantitative tools. To this end, we divide the prediction problem into two
parts (Figure 5.1). First, we construct a set of protein-specific prediction
(PSP) models of the variant’s impact, using data from a selected set of
DMS experiments. The results of these models are extended to any
variant from any protein in the clinical genome using a simple Ensemble
learning-based formalism. Second, we apply a simple approach to
binarize the results of these predictors and test their predictive
performance in the interpretation of pathogenic/benign variants. Through
rigorous testing on an independent validation dataset, we show that this
methodology can reach a predictive level comparable to that of

established methods, keeping a high potential for interpretability.

QUANTITATIVE PREDICTION BINARY PREDICTION

. PREDICT
INPUT Y PREDICT FINAL
VARIANT PREDICTION

X
oo

g PREDICT
laasv] —> SR |29 070 | e o0

PREDICT
—_—

PSPBRcAl PREDICT

Figure 5.1: The pathogenicity prediction pipeline presented in this thesis.
For a given variant in an unknown protein, we first generate a quantitative
prediction using a set of PSPs trained on DMS assays. Next, we apply an
Ensemble approach, using the median of the resulting values. In a second step,
we apply a binarization threshold (dashed, vertical line) to transform the median
value obtained (the continuous estimate) into a two-state outcome (B-Benign/P-

Pathogenic for the variant.
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5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

5.2. Materials and Methods

The Material and Methods of this study are divided into seven sections:
(i) dataset retrieval; (ii) discriminant features; (iii) construction of protein-
specific predictors; (iv) Ensemble learning-based predictor; (v) obtaining
binary predictions using the Ensemble-based predictor, (vi)

benchmarking, and (vii) performance metrics.

5.2.1. Dataset retrieval

For the development of quantitative protein-specific predictors, we
collected DMS experiment values. To facilitate the validation of our
ensemble-model with binary prediction, we obtained clinically labeled
variant datasets. The next sections delineate the procedures involved in

preparing these datasets.

5.2.1.1. Collection of variant datasets from DMS experiments

We collected DMS experiments from the literature. Five publications
were selected for dataset curation (Gray et al., 2018; Riesselman,
Ingraham and Marks, 2018; Reeb, Wirth and Rost, 2020; Dunham and
Beltrao, 2021; Frazer et al., 2021) where the authors have compiled and
carefully curated DMS experiments for various proteins. To ensure the
relevance to our study objectives, we applied a filtering process with the
following criteria: availability of a minimum of 1000 missense variants per
experiment (to ensure adequate amount of data for training our models)
and availability of protein structure data in the AlphaFold database
(Jumper et al., 2021). When multiple functional assays were available for
a protein, either the most recent one or the assay with more coverage

was chosen, resulting in a final dataset containing one assay per protein.
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5.2. Materials and methods

All DMS experiment assays we collected, and their selection criteria are

summarized in Table S5.1.

After applying these filters, our final dataset consisted of 30 functional
assays (Table 5.1). The selected assays showed high heterogeneity due
to variations in experimental designs and scoring ranges, leading to
differences in score distributions. Moreover, some assays contained
outliers that could adversely impact the learning process of algorithms.
To address these issues, all scores were normalized using the
normalization scheme described in the study of Gray et al. (2018). This

normalization scheme can be summarized in three main steps:

11 step 0: if scores higher than wild-type indicate loss-of-function, flip
scores by multiplying with -1

71 step 1: normalize scores to the wild-type and do log-transform:

)

wild type

Sreportedi = logz(s

11 step 2: apply the normalization scheme using the formula below:

(Sreportedi - Smedian synonymous)

+1

Snormalized =
(_Smedian bottom 1%)

where S is the wild-type normalized, log transformed functional assay

score.

Lastly, after normalization, the datasets are filtered to contain only
missense variants. The selected assay set, dataset source tables, wild-
type scores and how normalization formula was applied are shown in
Table 5.1.
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5.2. Materials and methods

This normalization process scaled variant scores. By doing so, a score
equal to 1 indicated the wild-type score, while a score below 1 indicated
decreased activity compared to the wild-type, and a score above 1
indicated increased activity compared to the wild-type. Distribution of the
final set of 30 DMS experiments after normalization is shown in Figure
5.2. The distribution of each protein’'s DMS experiment values, before

and after normalization, is shown in Figure S5.1.

e —— ADRB2 (7800) PAB1 (1188)
A. AMIDASE (6227) PROTEIN G (1026)
A. KINASE (4234) —— PSD95 (1577)
BRCA1 (1837) —— PTEN (6564)
CALM1 (1813) —— RAS (3134)
CBS (10450) —— SRC (3714)
20 J CCR5 (4668) —— SUMO1 (1700)
| CXCR4 (3877) —— SYUA (2599)
GAL4 (1196) —— TEM1 (4997)
GFP (1081) —— TP53 (7444)
HSP90 (4021) —— TPK1 (3181)
IF1 (1367) —— TPMT (3689)
1s MAPK1 (6810) —— UBEZ2I (2563)
MSH2 (16749) —— UBIQUITIN (1085)
MTH3 (1350) —— VKOR1 (2695)

Normalized Scores

Figure 5.2: Normalized DMS experiments for the 30 proteins used in this
study. The names of the proteins, colors used to represent their distribution, and

the number of variants in each protein’s set is shown in the legend.

5.2.1.2. Collection of clinically labeled variants

We obtained variants from HumSavar (UniProt) (Bateman et al., 2017)
and ClinVar (Landrum et al., 2016) databases to test the predictive ability
of our binary (pathogenic/benign) classifier. During the retrieval process

from ClinVar, we applied several filters. Firstly, we only included
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nonsynonymous variants in our analysis. Secondly, we selected variants
labeled as pathogenic, likely pathogenic, pathogenic/likely pathogenic,
benign, likely benign, or benign/likely benign to ensure their relevance to
our study objectives. Variants with the review status “no assertion criteria
provided” were excluded from our dataset. In order to have two-class
labels we merged benign, likely benign, or benign/likely benign labels
and named them as Likely Benign/Benign (LB/B). The same criteria were
applied to pathogenic variants to name them as Likely
Pathogenic/Pathogenic (LP/P). For HumSavar variants, we selected
variants with labels LP/P or LB/B. Proteins present in the DMS
experiment dataset were removed from both datasets. The two datasets
were then merged to create a unified "clinical dataset", with priority given

to the variant labels from ClinVar in case of discrepancies.

We further applied the following filters to the dataset: availability of
AlphaFold structure prediction, availability of predictions from in silico
tools selected for benchmarking, selection of proteins with more than 20
Pathogenic and 20 Benign variants. The final clinical dataset comprised
19,883 variants (12,768 pathogen and 7205 benign) from 126 unique
proteins (Table $5.2).

5.2.2. Discriminant features

We used a total of 14 features designed to capture complementary
aspects of the impact of missense variants: 5 sequence-based and 9

structure-based (Figure 5.3). They are described in detail below:
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Figure 5.3: Features used to build the predictors. (a) Sequence-based
features: BLOSUMG62 (matrix image taken from Wikipedia, 2023, Shannon’s
entropy, position-specific scoring matrix (pssm), neighbor average Shannon’s
entropy and neighbor compatibility (neco). MSA images taken from
(Bioinformatics at COMAYV, no date). (b) Structure-based features: Confidence
score (pLDDT) (structure image taken from AlphaFold database (Jumper,
2022)), binary confidence score (pLDDTbin), contact layer size (colasi), fraction
of conserved 3D neighbors, fraction of conserved accessible (fan) and buried 3D
neighbors (fbn), accessibility dependent volume term, Mjyazawa Jernigan
potential (matrix image taken from Miyazawa and Jernigan, 1996 and likelihood

of the accessibility state for a given amino acid replacement (laar).

5.2.2.1. Sequence-based features

Sequence-based measures provide easy-to-compute proxies of the
molecular impact of missense variants. We used 5 sequence-based

features for our models (Figure 5.3, a):

1. Blosum62 matrix elements (Henikoff and Henikoff, 1992). They
summarize key differences in amino acid properties, such as size and

hydrophobicity, between native and mutant amino acids.

2. Shannon's entropy (Cover and Thomas, 2005), derived from the
multiple sequence alignment (MSA) of the protein family. It evaluates the

overall conservation at the mutation locus. It is equal to:

-Xip; *log (py),

where p; is the frequency of an amino acid with index i; i goes over all

natural amino acids at the variant’s location in the MSA.
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3. Position-specific scoring matrix (pssm) (Ng and Henikoff, 2001; Ferrer-
Costa, Orozco and de la Cruz, 2004), derived from the MSA of the
protein family. It evaluates the conservation of the native residue at the

mutation locus. It is equal to:

fnat,i

f nat,MSA

log ( )

where f,q.; and foqa:msa are the frequencies of the native amino acid at

the variant’s location, i, and in the whole MSA, respectively.

4. Neighbor average Shannon’s entropy, derived from the MSA of the
protein family. It is the average of the Shannon's entropy values of the
sequence neighbors (-3/+3) of the mutated residue. The mutated residue

is excluded from the computation.

5. Neighbor compatibility (neco). This sequence-based parameter aims
to estimate the impact of neighboring residues on the native amino acid's
likelihood of undergoing a specific substitution. The parameter's values
constitute a 20x20 substitution matrix utilized for scoring variants. To
derive these matrix elements, we utilize the differences between the
human sequence and its homologs from other species, specifically when
the neighbors of the human amino acid are conserved. This serves as an
approximation for the mutation process in the human protein. To
implement this concept, we utilize a simple probabilistic model. In this
model, the element corresponding to the substitution of a native residue
Ai (where subindex i represents the native residue's location in the

human sequence) by a mutant residue B is computed using the formula:

p(XBY /human=XA;Y)
p(X*Y/human=XA;Y)

In ( ),
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where p(XBY /human = XA;Y) is the probability that a B amino acid in an
MSA column is part of an XBY pattern in a non-human protein, given that
the human sequence is represented by XA;Y. It is obtained dividing the
number of XBY cases in MSA columns by that of B amino acids in MSA
columns, when the human sequence in all these columns has the triplet
XA;Y.

In these computations, the human sequence carries the triplet XA;Y and
will be excluded from the counts. Additionally, we will only consider those
MSA columns having at least one B. The term p(X *Y/h.s.= XA;Y) is a
normalization factor. It is calculated dividing the total of X * Y cases in the
MSA columns by that of “ *** ” cases in the MSA columns (where XA;Y is
present in the human sequence). The actual calculations are made using
the MSAs of the proteins from a well-curated dataset of 593 PDB
structures (Wang and Dunbrack, 2003).

The previous properties rely on the use of MSA. These MSA were
obtained using a procedure described elsewhere (Riera, Padilla and de
la Cruz, 2016) that we summarize here for the benefit of the reader. For a
given target protein, the following steps were taken using the UniProt

version of its sequence:

a. ldentify homologs of the protein, searching UniRef100 (Suzek et
al., 2015) using PsiBlast (Altschul et al., 1997). The parameters of
this search were: E-value of 0.001 and two iterations. From the
PsiBlast output, we discarded those homolog sequences with less
than 40% identity to the target protein. (Target-homolog sequence
identity computation: The number of matching residues obtained
from the global alignment of the two proteins was divided by their

average length.)
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b. The remaining sequences, including the query sequence, were

aligned using Muscle (Edgar, 2004) to generate the final MSA.
5.2.2.2. Structure-based features

These features are derived from the state-of-the-art structure models
produced by AlphaFold (Jumper et al.,, 2021). They are intended to
capture complementary aspects of the impact of missense variants on
protein structure and function. We used the 9 structure-based features
(Figure 5.3, b) described below.

6. AlphaFold’s per residue confidence score (pLDDT) (Jumper et al.,
2021). The values of this residue-level parameter are related to the
reliability of the structure predictions. It has also been shown that they
are related to the disordered state of the protein region around the
residue (Binder et al., 2022).

7. Binary confidence score (pLDDTbin). This index, derived from pLDDT,
only has two values: 1 (pLDDT > 70) and 0 (pLDDT < 70). The structural
features described below are all dependent on pLDDTbin: if pLDDTbin =

0, the features are all set to 0.

8. Contact layer size (colasi). This parameter, which varies between 0
and 1 (except in a few cases of residues buried in highly dense locations)
is a normalized measure of the native residue’s contact layer size. It is a
raw measure of the network of atomic interactions around the native
residue. As a residue becomes more buried its colasi value will tend to
be 1; colasi will be 0 when the residue has no 3D neighbors. This feature
is obtained from the AlphaFold model following a two-step procedure.
Firstly, compute the number of close interatomic contacts (distance < 5

A) between the native residue’s atoms and those of the remainder of the
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protein, using the software Arpeggio (Jubb et al., 2017). Secondly, divide
this number by the maximum number of interactomic contacts observed
for the native residue’s type in a well-curated dataset of 593 PDB
structures (Wang and Dunbrack, 2003).

9. Fraction of conserved 3D neighbors. To calculate this parameter, our
starting point was the set of atomic contacts of the native residue
obtained for colasi (see above). Then, we focused on those cases
involving highly conserved neighboring residues (Shannon's entropy <
1.37) and divided their total by the total number of contacts. The
Shannon’s entropy threshold chosen, 1.37 (one third of 4.12, Shannon’s
entropy maximum value), is defined to ensure that most residues
engaged in packing networks of functional significance, including protein-

protein interactions and the protein core, are included.

10. Fractions of conserved accessible 3D neighbors (fan), To compute
this feature, we first obtain, for the protein of interest, the medians macc
and myyr of the Shannon's Entropy for the accessible (colasi < 0.5) and
buried (colasi > 0.5) residues, respectively. To compute fan and fbn (next
feature) we apply the same procedure. We divide the list of the native’s
residue contacts into two categories: accessible and buried. Next, we
identify the accessible neighbors of the native residue and count how
many of them have a Shannon's Entropy value below mac. Fan is then
obtained dividing the number of atomic contacts contributed by these

residues by the total number of native contacts.

11. Fractions of conserved buried 3D neighbors (fbn). Fbn is computed

analogous to fan, using meyr instead of Macc.

12. Miyazawa-Jernigan potential. This potential, of which we use the

1996 version (Miyazawa and Jernigan, 1996), is based on a probabilistic
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model that captures the predisposition of the 20 natural amino acids to
contact each other. It is embodied in a 20x20 matrix and we use it as
follows. Firstly, we identify the neighboring residues whose average side
chain atom lies within a distance of < 6.5 A from that of the native
residue. For glycines we employ the C-alpha atom for the distance
computations. Subsequently, we calculate the difference in contact
energies between the sums of native-neighbour and mutant-neighbour
interactions, using the 20x20 matrix provided by Miyazawa and Jernigan
(Table 3, upper diagonal) (Miyazawa and Jernigan, 1996) applying the

following formula:

Aemut,nat = Zj(emut,j - enat,j)a

where j goes through the list of neighbors; mut and nat refer to the
mutant and native residues, and emu; and ena; are the values of
Miyazawa and Jernigan matrix (upper triangle) associated to the
corresponding pairs of contacting residues (e.g., emu; is the interaction

energy between the mut residue and the neighboring residue j-th).

13. Accessibility dependent volume term. This term is designed to
capture packing disruptions related to size differences between amino
acids, weighting them by colasi, to consider environment differences. The

formula is equal to:
[Acc. dependent volume = Asize. colasti,

wherelAsize=(maxng s — MaxXNGgnq:) and max ngpy,: is the maximum
number of contacts the mutant can have (in our curated PDB dataset)
and maxng,,; is the same for the native. These two terms are related to

the amino acid volumes of each residue.
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14. Likelihood of the accessibility state for a given amino acid
replacement (laar). Only two accessibility states are considered in this
computation: buried (colasi >0.5) and exposed (colasi <0.5). The
parameter's values form two 20x20 substitution matrices, one for buried
and one for exposed residues. To derive the matrix elements, we
approximate the mutation process in the human protein following the
philosophy used for Neco (see above). For example, for a given Ato W
substitution and an accessibility state X; (buried or exposed) of the

native residue, we apply the following formula:

p(Acc=X;/A-W)
In (%, Gice=xm)

)

where p(Acc = X;/A - W) is the probability that, given an A to W
substitution in an MSA column, the accessibility of the human sequence
is X;. This probability is calculated by dividing the number of A to W
substitutions in MSA columns for which the accessibility of the human
sequence is X; by the total number of A to W substitutions in MSA
columns. p(Acc = X;/A) is a normalization factor, which is the probability
that the accessibility of a sequence is X; in all the MSA columns where
the human sequence has an A amino acid. These computations result in
the 20x20 matrices for the exposed and buried residues. The calculations
are made considering all the MSAs of the proteins from a well-curated
dataset of 593 PDB structures (Wang and Dunbrack, 2003).
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5.2.2.3. Normalization of the features

All features were normalized during training step to transform their range
to [0,1] using the MinMaxScaler function in scikit-learn package
(Pedregosa et al., 2011). The following formula was used for scaling the

features:

XTRAIN ~ Xmin TRAIN

XTRAIN scaled = )
Xmax TRAIN ~ Xmin TRAIN

where x4y is the original value of the feature, xpinrraiv @Nd XomaxrrAIN
are the minimum and maximum values of the feature in the training
dataset. To avoid any kind of bias between training and testing sets, the
normalization of the features in the testing set variants was done using
the xpintraiy AN Xaxrrain Of the related feature column. The workflow

of this process is shown in Figure 5.4.

TRAIN/TEST SPLIT ADD DISCRIMINANT NORMALIZATION
FEATURES
train set
Ay o oA X TRAIN "~ Xmin TRAIN
- wgli by 023 — | XscatearrAIN = —
& N> Xmax TRAIN — Xmin TRAIN

test set
. TP X 7EST — Xmin TRAIN
AR Xscaled TEST = _
Xmax TRAIN "~ Xmin TRAIN

Figure 5.4: Normalization of the training and testing set features. Once the
dataset is split into train and test sets, discriminant features are added to the
variants in both groups, then normalization is applied: first to the ftraining set
features, and then to the test set features.
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5.2.3. Construction of protein-specific predictors

A PSP model was built for each protein separately using the protein’s
associated DMS experimental assay. For each variant, the
corresponding DMS value was used as target variable, and the 14
features corresponded to the independent variables in the regression
model. Using these features and target variables, we built 30 PSP, and
evaluated the performances following an individual cross-validation

scheme. This workflow is illustrated in Figure 5.5.

COLLECT DMS EXPERIMENT FOR AUTO-PREDICTION WITH
EACH PROTEIN AND ADD FEATURES REGRESSION MODEL

ML algorithm e 218 ®
© 141 » o
| | —~%PPuwa >3- |

"

MAPK1
 OBSERVED

ASSAY SCORES ~ FEATURES

LIRIOLITIN

~ PREDICTED

RRCA1
TPMT

Figure 5.5: Building the 30 protein-specific predictors. For each protein in
our dataset, we built a PSP using the DMS experimental values as target
variable. The 14 features were attached to each variant, and a regression model
was built. The performance of each predictor was then calculated using cross-
validation.

In the subsequent sections, we describe the technical details of this
pipeline, including the training techniques and the performance

testing/validation methods.
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5.2.3.1. Training technique

For our PSP we use a standard Multiple Linear Regression (MLR)
model (Hastie et al., 2009), which assumes a linear relationship between
the input variable(s) and the dependent variable. The formulation is the
following: y = wg + wyx; + wyx, ...+ byx,, Where y is the dependent
variable, w, is the intercept, xi (i=1,n) are the independent variables and
bi their weights. We built our MLR models for the protein variants,
separately for each protein, using the values of the corresponding DMS
experiments as the dependent variable, and the 14 features as the
independent variables. All MLR models were obtained using python’s

scikit-learn package (Pedregosa et al., 2011).

5.2.3.2. Undersampling

We observed an imbalanced bimodal-like distribution for most of the
functional assays in our dataset. This may pose a problem when training
regression models, potentially biasing the weights of various features. To
address this concern, we employed a two-step undersampling
procedure for each assay prior to model training. First, we fitted a
Gaussian Mixture Model (GMM) (Pedregosa et al., 2011) to each assay,
to find the best threshold separating the two peaks. Second, we
randomly reduced the number of variants contributed by the larger group
to meet the contribution of the smaller group. This process was applied to

the training set during the cross-validation procedure (Figure 5.6).
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Figure 5.6: Workflow of the train/test split method using leave-one-
position-out and application of undersampling for the training set. At each
iteration, variants at the same position are left out while rest is used for training.
Training set is fitted to GMM to identify the boundary between two peaks, and
randomly selected variants are eliminated from the majority group. This data is

then used for training the model to predict the variant(s) in testing set.

5.2.3.3. Cross validation

To evaluate the performance of the models, we employed a rigorous
cross-validation procedure to prevent information leaks between the
training and the test dataset. We will refer to the cross-validation version
as leave-one-position-out (LOPQO) cross validation. While it resembles
the standard leave-one-variant-out cross validation, it is applied to protein
positions instead of variants (Figure 5.6). In LOPO, all the variants at
one position are collectively held out as the testing set, while the variants
at the remaining positions are used as the training set. The process is

iterated until all positions are left out once.
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5.2.4. Generating PSP predictions for the whole clinical

genome: An Ensemble learning-based predictor

The regression-based procedure explained in the previous sections is
only valid for those proteins for which DMS are available. That is, for the
30 proteins in our dataset. To produce quantitative predictions for other
proteins we need a different approach. Inspired in the Ensemble
Learning theory we applied the following strategy (Figure 5.1): (i) use the
PSP obtained to generate predictions for variants from other proteins; (ii)
combine these predictions using the median. This approach is based on
the conjecture that PSPs capture different components of the quantitative
impact of variants, which follow the same physicochemical rules in all
proteins. We refer to the resulting methodology as Ensemble or
Ensemble-based method. In this work, we chose the subset of 10 PSP
that gave the best performance when tested in other proteins. For
estimating the generalization power of this approach, we followed the

scheme described in Figure 5.7.
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CROSS PREDICTIONS SELECT TOP 10 PSPs

29 PSPs

PREDICT EACH PROTEIN

30PROTEINSWITH @ TSP
FUNCTIONAL ASSAYS 4> PSPo) o DonoEmm-— we

B,C,D,E,FH]
( " rank

~¥PSP, —> PPSP, medians
Eop fJ] I I 0 O > e 5,
i —_ Md"

%) DoEoEm-- w. o S

(A,B,C,D,EF)

WENSEMBLE
(10 PSPs)

1 PROTEIN

LEAVE-ONE-OUT
PREDICTION

Figure 5.7: Estimating the generalization power of the Ensemble-based
model. PSP: Protein-specific predictor; Mdn: Median. In this leave-one-protein-
out cross validation scheme, one protein was set aside for testing while
remaining 29 were used for training. Performance of each PSP in the training set
was obtained by taking the median of their performances on the remaining 28
proteins and ranked to choose the top 10 PSPs. These PSPs were then

combined into an Ensemble predictor for its generalization to other proteins.

5.2.5. Obtaining binary (pathogenic/benign) predictions for
any protein using the Ensemble-based predictor

The second part of this project is focused on obtaining binary
(pathogenic/benign) predictions for the variants, using our Ensemble-
based predictor. While this part is conceptually very relevant, from a
technical perspective, it presents a notably simpler task than the
obtention of the PSPs. It only requires defining a threshold to binarize the
results of the Ensemble-based predictor, so that any missense variant
can be classified as pathogenic or benign. To obtain this threshold, or
cut-off, we followed a four-step workflow, explained in Figure 5.8, based
on the use of variants with benign/pathogenic clinical annotations (see
our previous section 5.2.1.2. Collection of clinically labeled variants).
From our clinical dataset, we selected those proteins with at least 50

pathogenic and 50 benign variants. This gave a set of 26 proteins (Table
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$5.2) to which we applied the Ensemble model to produce quantitative
predictions for their clinically annotated variants, trying different threshold

values, as explained in Figure 5.8 to obtain the desired threshold value.

QUANTITATIVE BINARIZE PERFORMANCE AT

PREDICTION PREDICTIONS EACH THRESHOLD DEFINE THE THRESHOLD
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>
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Figure 5.8: Workflow of the selection of a binarization threshold using our
Ensemble predictor. The process consists of four main steps: (i) Application of
the Ensemble model to the clinically annotated variants in the set of 26 proteins.
(i) and (iii) Exploring different values of the binarization threshold: we
systematically explored the values of the binarization threshold (horizontal
dashed lines in ‘BINARIZE PREDICTION’ figure) and for each value we
computed the corresponding MCC (grey circles in PERFORMANCE OF EACH
THRESHOLD figure). (iv) Obtain the optimal threshold: we pooled together the
curves for all proteins, took the median of the MCCs at each threshold value
(black circles), and identified, using a gaussian mixture fit, the threshold that

gives the maximum MCC.

This binarized model was then validated on the remainder of the clinical

dataset variants, which consisted of 100 proteins with 12,691 variants.
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5.2.6. Benchmarking

We employed two benchmarking analyses to compare the performance
of the two prediction types used in this work against that of similar
methods from other authors. One for the quantitative predictions (PSPs
for the 30 proteins, and general quantitative Ensemble model); and the

second, for the binarized Ensemble predictions.

To benchmark our quantitative models, we selected five in silico tools

that predict the magnitudes of functional variant effects:

1 ENVISION (Gray et al., 2018). A supervised method that also uses
DMS experiments for training purposes and predicts the quantitative
effect of missense variants. ENVISION predictions for available
proteins were downloaded directly from their website

https://envision.gs.washington.edu/shiny/envision new/

71 ECNet (Luo et al., 2021). A deep-learning algorithm based on the use
of homologous sequences that predicts functional fitness scores to
aid protein engineering. In their study, they explore a split-wise split
train/test strategy that is analogous to our LOPO approach. The
ECNeT predictions for the whole proteome were not available,
therefore we extracted their Spearman’s rank correlations from their
supplementary figure 10.c of Luo et al. (2021).

71 DeepSequence (Riesselman, Ingraham and Marks, 2018). An
unsupervised probabilistic method that uses a variational
autoencoder model to identify patterns from multiple sequence
alignments of homologous sequences for given protein.
DeepSequence scores for the available proteins were downloaded
from Supplementary Table 2 of Riesselman et al. (2018). No

generalization to the whole proteome is provided.
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0 EVE (Frazer et al., 2021). Developed by the same group of
DeepSequence, is an unsupervised method that uses a variational
autoencoder model to learn from multiple sequence alignments of a
given protein. EVE scores for an exhaustive mutagenesis of the
whole proteome were downloaded directly from their website

https://evemodel.org

1 EVMutation (Hopf et al., 2017). An unsupervised statistical method
that models co-variations between pairs of protein residues using the
multiple sequence alignment of a given protein and predicts variant
effects magnitudes using the log-ratio of sequence probabilities
between mutant and wild-type. EVmutation (epistatis) predictions for
available proteins were downloaded directly from their website

https://marks.hms.harvard.edu/evmutation/

To evaluate our binary predictions, we selected four in silico tools, based

on their clinical value in the recent work by Pejaver et al. (2022):

7 REVEL (loannidis et al., 2016). A metapredictor that predicts the
pathogenicity of missense variants. It is a supervised method that is
trained with RF using clinically labeled variants and predictions of
several individual tools. The scores range from 0 to 1, with higher
scores indicating greater likelihood of disease-causing.

1 VEST4 (Carter et al., 2013). Supervised method for pathogenicity
prediction. It is based on a RF trained using clinically labelled variants
with 86 quantitative features. The scores range between 0 and 1,
where 1 indicates confident prediction of pathogenicity.

1 BayesDel (Feng, 2017). A metapredictor that combines the
predictions of several individual tools. It is a supervised method

trained with naive Bayesian approach to produce a weighed product
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quantitative protein-specific predictors
of likelihood ratio as a pathogenicity score. The scores range from -
1.293 to 0.757, with higher scores indicating pathogenicity.

1 CADD (Kircher et al., 2014). A metapredictor that scores the
deleteriousness of variants with supervised learning. It is based on
SVM algorithm whose scores range from 1 to 99, with higher scores

(> 30) indicating deleteriousness.

Predictions from these in silico tools were downloaded using Ensembl
Variant  Effect Predictor (VEP) tool from their website
https://www.ensembl.org/info/docs/tools/vep/index.html (McLaren et al.,
2016).

5.2.7. Performance metrics

The predictive performances of the regression models were measured
using two parameters: the Pearson correlation coefficient and the
Spearman rank correlation coefficient (Winter, Gosling and Potter, 2016).
Both Pearson and Spearman correlations were calculated using python

scipy stats package (Virtanen et al., 2020).

The performance of the binary predictions was measured using five
parameters: sensitivity, specificity, accuracy, MCC, and AUC. These
parameters are described in Chapter 1, section 1.4.3. Parameters for

evaluating the performance.
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5.3. Results

Below, we describe the results of this study. They are divided into four
main sections: (i) feature importance and their correlations; (ii)
performance of the PSPs; (iii) generalization of the PSPs to the clinical
genome with Ensemble model, and (iv) binarization of the Ensemble

model.
5.3.1. Feature importance and correlations

We explored the cross-correlations between 14 features in our model
(Figure 5.9,a). In general, the Pearson correlations were weak, between
0 to 0.55, indicating low linear relationships. However, a subset of
features exhibited a stronger correlation between them. This was
observed mostly between some structure- and sequence-related
features: e.g. the fraction conservation 3D neighbor is highly correlated
with neighbor average entropy (—0.78) and Shannon’s entropy (—0.67).
Overall, the low to moderate correlations between features highlighted

the diversity of the feature landscape of the model.
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Figure 5.9: Feature importance analysis. (a) Pearson’s correlation between
features, from -1 (blue) to 1 (red). (b) Distributions of the coefficient values

obtained from 30 protein-specific Lasso models, shown using boxplots.
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In addition, we built Lasso regression models for each protein, to
understand the relative importance of each feature’s contribution to the
models’ predictive capacities. For each feature separately, we pooled the
weights of the feature in the protein specific models and plotted their
distributions using boxplots (Figure 5.9,b). We found that the key
contributors (features with the highest coefficient values) were two
sequence-related (Shannon’s entropy, Blosum62) and two structure-
related (Miyazawa and Jernigan potential and colasi) features. This
shows that the predictive power of the models depends on both
evolutionary conservation and structure-based features, highlighting the
importance of integrating multiple aspects of variant information for

accurate predictions.

5.3.2. Performance of the protein-specific predictors

We developed PSPs for 30 proteins separately. Their performances were
validated using a stringent leave-one-position-out cross validation
method. In Figure 5.10 we show the Pearson correlation for all models,
and heatmaps for the observed-predicted values for a selection of

proteins. Heatmaps for all PSPs are shown in Figure S$5.2.
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Figure 5 .10: Performance of the Protein-Specific-Predictors (PSP) for 30
proteins. The scatter plot shows the Pearson correlation coefficient values of
each model. For four proteins (CALM1, MSH2, PTEN and AMINOGLYCOSIDE
KINASE) the Observed vs. Predicted heatmap plots are shown with arrows.

The Pearson coefficients range from 0.32 (CALM1) to 0.68 (TEM1 and A.
KINASE) confirming the predictive capabilities of our models. Obtaining

Pearson’s > 0.5 for 13 proteins in our dataset indicate that our features
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can capture an important component of the molecular impact of
missense variants. Additionally, the heatmap distributions show that, for
those PSPs with higher Pearson’s values, the majority of the data points
lie close to the diagonal line, whereas in models with poorer
performances we observe curvature or non-linear distribution.
Exploration of the proteins with the poorest performances indicates

deviations from the average behavior of globular proteins.

Next, we compared PSPs against ENVISION using the 20 proteins in our
dataset for which ENVISION provided predictions (Figure 5.11).

d. b. Spearman
Pearson

PSP
ENVISION

Figure 5.11: Comparison of PSPs (orange) against ENVISION (blue). Radar
plots for (a) Pearson and (b) Spearman correlation coefficients.

Figure 5.11 shows that PSPs outperform ENVISION in 17 out of 20
cases for both Pearson and Spearman correlations. The trend for the
Pearson correlations is particularly important because higher values of
this correlation indicate more accurate predictions of the molecular
impact predictions. Given that both predictors are built with similar goals,

this comparison ensures a fair, comprehensive assessment of our PSPs.
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5.3.3. Ensemble learning model: Extending protein-specific

predictions to clinical genome

The Ensemble-based model is constructed for extending the use of our
PSP models to proteins for which there are no DMS training data
available. To explore the feasibility of this approach, we first tested the
performance of each PSP on the remaining 29 proteins’ variants; these
are what we called cross-prediction tests. Overall, we observed (Figure
5.12,a) cross-prediction Pearsons up to 0.7. When compared these
values to those obtained on the PSP own protein (Figure 5.12,b), we
saw that they were comparable, except for the protein SYUA. The
behavior of this protein suggests that the sequence/structure properties
of this protein deviate from those of standard globular proteins,

something confirmed when we look at its structure.

Collectively, these results showed that PSP models capture some of the
main components of missense variant impacts, even in the presence of
protein-specific biases, suggesting their potential utility in constructing a
general predictor. After considering several options to put this information
together from a relatively complex, algebra-based approach to the
training of an additional layer of regressors, we opted for a simple, non-
parametric approach: use 10 top-ranking PSPs to predict the impact of a
variant in a new protein and take the median of these predictions as the
outcome. To identify the 10 top-ranking PSPs and implement this
Ensemble model, we used the correlations shown in Figure 5.12,a,

within a cross-validated scheme (Figure 5.7).
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Figure 5.12: Cross predictions using the protein-specific-predictors. (a)

Performance of the cross-predictions is shown representing Pearson’s

correlation coefficient with heatmaps, where x-axis is the tested protein and y

axis is the trained protein. (b) Comparison of the PSP cross-validated

performance (orange) and the performance of the highest prediction obtained by

another PSP (cross-prediction) (c) Comparison of the PSP cross-validated

performance (orange) and the Ensemble model built using the median of 10
PSPs (purple).
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To explore the predictive value of this approach, we compared the
performances obtained for the 30 proteins in our dataset against of those
of the auto-predictions (or cross-validated PSP performances) (Figure
5.12,c). As expected, there was a performance drop in the Ensemble
model when compared to the auto-predictive performances; however, the
differences observed were not substantial, particularly when the PSP
correlation was above 0.5, i.e., when the protein followed a globular

protein model. The only clear exception was the case of SYUA.

We then benchmarked the quantitative Ensemble-based predictions
against five predictors: two supervised methods (ENVISION and ECNet)
also trained using DMS experiments, and three unsupervised models
(DeepSequence, EVMutation and EVE). These predictors were selected
for comparison given that none of them were trained using clinically

labeled variants.

Comparisons of the Pearson correlations between Ensemble and four
predictors (Figure 5.13) show that, Ensemble model outperforms
ENVISION in 13 out of 20 cases (Figure 5.13,a); DeepSequence in 4 out
of 19 cases (Figure 5.13,b); EVMutation in 8 out of 14 cases (Figure
5.13,c) and EVE in 6 out of 11 cases (Figure 5.13,d). Overall, these
results show that our model, has a promising performance, except for its
comparison to DeepSequence, given the compared top-ranking

predictors.
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Figure 5.13: Comparison of our Ensemble-based model against four
predictors using Pearson’s correlations. (a) Comparison with ENVISION for
20 proteins; (b) comparison with DeepSequence for 19 proteins; (c) comparison
with EVMutation for 14 proteins; and (d) comparison with EVE for 11 proteins.

A similar situation was observed when we compared the Spearman’s
rank correlations (Figure 5.14), where the differences between the
predictor pairs compared were smaller, except for DeepSequence.
Ensemble model outperforms ECNet in 7 out of 14 cases.

143



5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

b.

DeepSequence
= Ensemble

«= Ensemble
ENVISION

c. CALM1 EVMutation d SYUA EVE
——— Ensemble —— Ensemble

PT

PT

VKOR1

ECNet
= Ensemble

Figure 5.14: Comparison of the Ensemble-based model against four
predictors using Spearman’s rank correlations. (a) Comparison with
ENVISION for 20 proteins; (b) comparison with DeepSequence for 19 proteins;
(c) comparison with EVMutation for 14 proteins; (d) comparison with EVE for 11

proteins; and (e) comparison with ECNet for 8 proteins.
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5.3.4. Binarization of the Ensemble model

The final phase of this project was binarization of the Ensemble-based
model estimates for predicting the pathogenicity nature
(pathogenic/benign) of protein variants. Following the scheme described
in Material and Methods 5.2.4.2. Obtaining a threshold for binarizing
quantitative predictions and Figure 5.8, by using 26 proteins with more
than 30 pathogenic and benign variants, we obtained a binarization
threshold value of 0.84. Variants with an Ensemble estimate below and

above 0.84 were labeled as pathogenic and benign, respectively.

To validate the predictive power of the resulting binary predictions, we
compared their performance to those of a set of in silico tools: REVEL,
VEST4, BayesDel, and CADD. These tools were chosen because they
have been shown to provide strong level of evidence for pathogenicity
(PP3) and moderate level benignity (BP4) criteria in the application of
ACMG/AMP criteria (Pejaver et al., 2022). For this comparison, we used
the proteins from the clinically labeled dataset not used in the derivation
of the binarization threshold: 82 proteins with 9330 variants (5229
pathogenic and 4101 benign). The performances are compared using
four parameters (MCC, accuracy, sensitivity, and specificity), as shown in
Figure 15.5.
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Figure 5.15: Comparison of the binary Ensemble model against REVEL,

BayesDel, VEST4 and CADD. Comparison of the predictors on the missense

variant dataset of 82 proteins. (a) MCC distributions (shown also with boxplots),

(b) Accuracy, (c) Sensitivity and (d) Specificity.
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Overall, we find that the MCC of our Ensemble-based model cover a
broad range going from around 0.1 to 0.9. Among the four in silico tools
considered, our model outperformed CADD for the high majority of cases
(63 out of 82 cases) when we specifically focus on MCC rankings
(Figure 5.15,a). On the other side, our model was outperformed by
REVEL (57 out of 82 cases), VEST4 and BayesDel (54 out of 82 cases)
for more than half of the protein predictions. In the case of accuracy
comparisons (Figure 15.5,b), we observe that our model had accuracies
higher than 0.6 for all proteins, except for HBB and LRRK2, and the
differences between our model and compared predictors are very minor
when the performance is above 0.8. In the case of sensitivity (Figure
15.5,¢), we observe all models showing high predictive power, where our
model appears poorer. Lastly, for specificity (Figure 15.5,d) results, we
observe a slightly higher performance of our model compared to the

other tools.

An overview of these results is also summarized in Figure 5.16 using
boxplots. Globally, we see that our Ensemble predictor has lower
sensitivities than the other methods and comparable or somewhat higher
specificities. This explains the fact that our MCCs tend to be below those
of other methods. It also indicates that the procedure for finding the

threshold may be at the origin of the problem.
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Figure 5.16: Per predictor comparison of the binary Ensemble model
against REVEL, BayesDel, VEST4 and CADD. Comparison of the predictors
on the missense variant dataset of 82 proteins. (a) MCC, (b) Accuracy, (c)

Sensitivity and (d) Specificity.

Next, we evaluated the performance of our Ensemble-based model by
constructing ROC curves by pooling all 9330 variants of the 82 proteins
(Figure 5.17). The ROC curves showed that Ensemble model’'s
predictions were better than random with the AUC equal to 0.87,
indicating good overall performance. Like for other parameters, our
model outperforms CADD (AUC equals to 0.85) but is outperformed by
REVEL, VEST4 and BayesDel predictors (AUC equals to 0.92, 0.91 and
0.91, respectively).
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Figure 5.17: Receiver operating characteristic (ROC) curves comparison

between the Ensemble-based model and four in silico tools.

Given that our Ensemble model approaches the prediction problem
through training with DMS assay values, and no information of clinically
labeled data was involved, the closeness of the ROC curves with the
compared pathogenicity tools show that our models can capture the

binary nature of the problem.

Lastly, we compared the continuous statistical scores of each
pathogenicity predictor with the Ensemble-model predictions (Figure
5.18). The goal here was to have a quantitative evaluation to see the
consistency between our Ensemble model’s molecular impact predictions

and the pathogenicity scores.
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Figure 5.18: Correlation between Ensemble model and four in silico tools.
Predictions of the Ensemble-based (y-axis) and the compared in silico tools (x-
axis) are shown for (a) REVEL, (b) VEST4, (c) BayesDel and (d) CADD.

We observed that our model, despite not being trained on clinically
labeled variant dataset, showed high alignment with the state-of-the-art
tools’ predictions. We observed the highest agreement with REVEL (p =
—0.79) (Figure 5.18,a), followed by VEST4 (p = —0.78) (Figure
5.18,b), BayesDel (p = —0.75) (Figure 5.18,c) and lowest correlation
with CADD (p = —0.67) (Figure 5.18,d).
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5.4. Discussion

Currently, available pathogenicity predictors cannot be used as
standalone tools in the clinical setting (Bean and Hegde, 2017; Sun and
Yu, 2019). In this context, the availability of an increasing number of
massive DMS experiments suggests that ML models could use this
information to produce an alternative solution to the variant interpretation
problem. For instance, they could be used in filling the missing
information in these experiments (Weile et al., 2017; Wu et al., 2019). Or,
they can be used in aiding the selection of representative variants for
their experimental validation, while predicting the outcomes for the

remaining variants with computational tools (Sruthi and Prakash, 2020).

However, the quantitative estimation of the impact of missense variants
on protein function is a problem far from trivial. For example, a recent
study by Livesey et al. (2020) indicates that binary classifiers display
better Spearman correlations with the values of DMS experiments than
methods directly trained on these experiments. An immediate
consequence of this paradoxical result is that the standard approach to
the modeling of continuous data, based on the use of regression models
and biochemical/biophysical/conservation features, does not seem to be
competitive. And second, it suggests that metapredictor models, widely
used for binary classifiers, may work better at fitting functional assays, a

challenging result given the low interpretability of these models.

In our work, we have explored these issues in depth, with a clear overall
goal: to build a method that starts from the quantitative estimation of a
variant’s functional impact and then turns it into a binary prediction
(pathogenic/benign) for that variant. To this end, we have decomposed

the prediction problem into two parts (Figure 5.1). In the first part, we
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have focused on (i) improving the quantitative prediction of missense
variants’ impact introducing novel features, particularly by considering
state-of-the-art 3D information; and (ii) extending the resulting
methodology to the clinical genome, using Ensemble Learning theory. In
the second part, we have focused on the binarization of the quantitative
predictions, testing the results on an independent set of variants with

clinical annotations, retrieved from UniProt and ClinVar databases.

For the first part, the quantitative prediction problem, our starting point
was the use of PSP (Figure 5.5) because they have gained popularity
over the years. In fact, they show competitive performances against all-
genes pathogenicity predictors, outperforming them in many cases
(Masica et al., 2012; Adebali et al., 2016; Riera, Padilla and de la Cruz,
2016; Padilla et al., 2019; Aljarf et al., 2022; Fang et al., 2022), due to

their ability to account for gene-specific properties.

Our PSPs were developed combining sequence- and structure-based
features (Figure 5.3). We observed that the combination of sequence
and structure-based features in our models enabled them to capture
complementary aspects of the variant's impact. Sequence-based
features reflect different aspects of evolutionary conservation, which are
widely used in many ML models (Niroula and Vihinen, 2016; Tang and
Thomas, 2016). Resulting from a complex combination of organismal
population dynamics and molecular biophysics, conservation works as a
proxy for functional and structural properties. Indeed, it has been
observed that variants at evolutionarily conserved sites tend to disrupt
protein’s function, and similarly, those substitutions observed between
humans and closely related species tend to be benign (Sunyaev,
Ramensky and Bork, 2000; Miller and Kumar, 2001; Wang and Moult,

2001). Therefore, it is not surprising to see that our strongest predictive
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features include entropy and position-specific scoring matrix (Figure
5.9,b). Regarding structure-based properties, the feature importance
analysis showed that two of these properties, accessibility (colasi) and
the Miyazawa and Jernigan potential, have high influence on the model’s
learning (Figure 5.9,b). These two properties, which are computed using
3D information from AlphaFold models (Jumper et al., 2021), provide a

coarse-grained view of the protein energetics.

The performance of the PSPs showed that, we were able to predict the
DMS data with high accuracies for many proteins in our dataset, with
Pearsons higher than 0.5 for more than half of the cases (Figure 5.10).
Comparisons with ENVISION, a tool with a similar technical goal, showed
our models superior performance for predicting the DMS values more
efficiently. A factor impacting the proteins with poor performances could
be explained by their differences than average globular proteins, with
structural transitions and protein disorder playing a substantial role. For
instance, CALM1, the protein with the poorest performance, is involved in
calcium signaling and has a dynamic structure (Jensen et al., 2018).
PSD95, the protein with the second lowest ranking performance, has an
intricate network of protein-protein interactions (McLaughlin et al., 2012).
In this case, missense variants occurring in crucial binding interfaces
could have a greater impact on its function, making prediction more
challenging. On the other hand, the poor performances we obtained for
some of the proteins in our study have also shown similar behavior for
other predictors. For example, in the recent benchmarking study of
Livesey et al. (2023), DMS experiments of many proteins including
CALM1, TPK1, CXCR4 showed low correlations with 55 in silico tools,
with Spearman’s rank correlations approximately around 0.3. This is
consistent with our PSP performances for these proteins, pointing to

directions for improving our models, e.g., proteins deviating from a strict
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globular protein paradigm may require the development of specific

predictors with more unique characterization.

In summary, we found that our PSPs provided a promising starting point
to the variant interpretation problem. However, two problems remained
open at this stage: (i) how to extend the results to proteins for which no
DMS experiments are available; and (i) how to use quantitative

estimates for the binary classification of variants.

Therefore, as our next step, we extended our models to the clinical
genome by following an Ensemble Learning approach. Ensemble
methods have emerged as promising solutions to address the challenges
and limitations associated with individual machine learning models,
offering a state-of-the-art performance (Sagi and Rokach, 2018; Cao et
al., 2020). The underlying principle of ensemble methods lies in the
recognition that individual models capture distinct aspects of the problem
at hand and, by combining their predictions, we can produce a more
informed decision. In our study, we chose the median approach to
integrate PSP predictions due to its technical simplicity and its ability to

mitigate the influence of noisy predictions from individual PSP models.

Comparison of the quantitative predictions obtained from Ensemble
model against four predictors (ENVISION, DeepSequence, EVMutation
and EVE) (Figure 5.13) showed that our model has a promising
performance against that of top-ranking predictors in the field. In the
study of Livesey et al. (2023), EVE and DeepSequence were ranked first
overall, out of 55 in silico tools used for benchmarking with various DMS
studies. In our case, the Ensemble predictor outperformed both tools for
various proteins and was very close for the cases it was outperformed.

However, given the complexity of DeepSequence method, it is unclear to
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which extent the model captures some correlation relating residue
location and protein function. We prioritized comparisons of Pearson
correlations because our model was trained to predict the DMS
experimental values, not the ranking of mutations. When we focus on the
comparison between Ensemble and ENVISION, our model clearly

outperforms ENVISION for most of the cases.

It is important to mention that both the quality and the type of DMS
experiment might present potential pitfalls to our models, affecting the
training process. Given that fitness is measured differently depending on
the experimental set up of the DMS study (e.g. growth, abundance,
binding affinity, fluorescence etc.), this could potentially affect how the
molecular impact is represented in terms of numerical values. Although
our median strategy aims to minimize or handle this effect partially by
combining multiple predictions, our future work also includes a rigorous
selection of DMS experiments to improve the effectiveness and

representativeness of our models.

Finally, we compared the binarized predictions of the quantitative
estimates against a set of in silico tools that are identified by Pejaver et
al. (2022) as highly promising for clinical applications. The results show
that, our model was outperformed by REVEL, VEST and BayesDel for
several cases, although when we pool the individual predictions together,
the median performances were highly close to each other (Figure 5.16,
Figure 5.17). However, it is worth noting that the variant dataset we used
contains variants utilized for training of the four reference tools, therefore
that the performance of these tools may be somewhat overoptimistic.
High sensitivities and poorer specificities observed in compared in silico
tools were consistent with findings in other studies (de la Campa, Padilla
and de la Cruz, 2017; Cubuk et al., 2021), showing that the author

156



5.4. Discussion

provided thresholds tend to maintain high sensitivities. In our case, the
Ensemble model’s showed higher ranking in specificities and lower in
sensitivities, which also points out our model’s limitation regarding the
binarization criteria. Consequently, we are exploring an alternative
approach that combines sensitivity and specificity values as a reference,
rather than solely relying on the MCC, to address this challenge more
effectively. Lastly, exploring the relationship between our Ensemble
model’s predictions and those of the established methods (Figure 5.18)
showed high concordance between the two approaches, indicating that
our model's predictions are in high agreement regarding the variant

pathogenicity prediction.

The predictive performance of our Ensemble model is significant given
that it approaches to the prediction problem from a completely different
angle than its competitors: our training set was the DMS experiment
values rather than clinically labeled variants. Despite of the difficulties
found, at its current status, our model ranks at a high position when
compared against state-of-the-art tools. We expect that better versions of
our approach will benefit from improvements on the binarization strategy,

from the publication of new DMS assays, etc.
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5.5. Conclusion

Our results show that we can produce fundamental approaches, based
on the modeling of the functional impact of variants, to solve the
pathogenicity prediction problem. Although the performance of our
method is not yet complete it is almost as good as that of in silico tools
specifically trained to solve this problem. This result opens the way to
solve one of the main challenges of personalized medicine in the 21st
century (Shendure, Findlay and Snyder, 2019): the development of back-

to-basics models that solve the variant interpretation problem.
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5.6. Supporting Information
List of material in the supporting information:

(1 Table S$5.1: List of deep mutational scanning experiment studies
collected, description of the datasets, and our selection criteria.

71 Table $5.2: The clinically labeled variant dataset.

71 Figure S5.1: Distribution of the DMS experiments for 30 proteins with
histograms, before (PRE) and after (POST) normalization.

71 Figure S$5.2: Leave-one-position-out performance of 30 protein-

specific predictors.
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Table S5.1: List of deep mutational scanning experiment studies collected,

description of the datasets, and our selection criteria.
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5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

Table S5.2: The clinically labeled variant dataset. The dataset is curated from
HumSavar and ClinVar variants. The table shows the UniProtID, Protein name,

number of pathogenic and benign variants.

UNIPROT PROTEIN # OF PATHOGEN # OF BENIGN UNIPROT PROTEIN  # OF PATHOGEN # OF BENIGN

P33897 ABCD1 217 55 Q9BXM7 PINK1 24 43
P49815 TSC2 154 280 P40763 STAT3 74 21
Q96L73 NSD1 125 142 P04070 PROC 68 26
P32004 L1CAM 73 64 Q9BZS1 FOXP3 22 27
Q01955 COL4A3 107 58 P68871 HBB 35 238
P02458 COL2A1 331 113 Q05193 DNM1 36 45
P40692 MLH1 180 57 P48029 SLC6AS8 23 42
P53420 COL4A4 81 67 P42345 MTOR 39 188
P35498 SCN1A 895 62 095622 ADCY5 20 42
095255 ABCC6 101 51 P20908 COL5A1 29 116
P46100 ATRX 60 249 QIY6X9 MORC2 25 20
P43246 MSH2 134 164 P38935 IGHMBP2 46 22
Q13224 GRIN2B 113 101 015118 NPC1 227 25
P17813 ENG 84 79 043933 PEX1 20 25
P78504 JAG1 66 63 060741 HCN1 28 57
P12110 COL6A2 60 76 P61764 STXBP1 92 41
Q92793 CREBBP 100 142 P22607 FGFR3 36 26
P01130 LDLR 610 70 Q86UK0 ABCA12 27 37
P30531 SLC6AL 57 54 Q9UPW6 SATB2 30 47
P51531 SMARCA2 101 62 Q13402 MYO7A 133 48

QouUM47 NOTCH3 235 93 P11498 PC 20 27
P29400 COL4A5 461 105 P54098 POLG 121 22
015360 FANCA 61 67 P00740 F9 205 20
P55316 FOXG1 71 54 P28329 CHAT 22 27
Q14721 KCNB1 64 93 P08123 COL1A2 378 32
Q14524 SCNSA 175 55 Q05586 GRIN1 63 44
P78562 PHEX 138 25 043918 AIRE 36 28
P04629 NTRK1 41 33 P12883 MYH7 390 24
P41229 KDM5C 37 35 P35499 SCN4A 93 22
014746 TERT 44 45 P06213 INSR 62 21
Q9UBPO SPAST 175 21 P13647 KRTS 74 25

continued
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5.6. Supporting information

UNIPROT PROTEIN # OF PATHOGEN # OF BENIGN UNIPROT PROTEIN # OF PATHOGEN # OF BENIGN

P46019 PHKA2 26 26 P07949 RET 121 23
Q9HBAO TRPV4 66 24 P23378 GLDC 116 20
P22304 IDS 178 44 Q13496 MTM1 90 22
P31785 IL2RG 54 33 P35670 ATP7B 276 40
Q92574 TSC1 24 93 Q01968 OCRL 56 20
Q71F56 MED13L 25 114 P06400 RB1 42 45
Q13501 SQSTM1 27 31 Q14004 CDK13 25 54
Q12840 KIF5A 35 52 Q07889 SOs1 60 46
Q8N157 AHI1 23 33 095259 KCNH1 21 59
P12109 COL6A1 48 93 075443 TECTA 36 25
Q9HC10 OTOF 24 39 Q14896 MYBPC3 78 32
Q99593 TBX5 23 26 P52701 MSH6 43 66
P22735 TGM1 95 25 P13569 CFTR 259 30
Q27)81 INF2 41 75 Q14839 CHD4 35 20
000754 MAN2B1 43 26 Q13873 BMPR2 33 42
P78363 ABCA4 513 38 P08581 MET 20 26
Q15878 CACNALE 22 224 014647 CHD2 42 74
Q99972 MYOC 55 37 060500 NPHS1 78 49
P54760 EPHB4 22 56 Q9UPY3 DICER1 33 24
Q77333 SETX 31 110 P31327 CPS1 148 35
Q96QS3 ARX 28 22 P35579 MYH9 38 38
P05155 SERPING1 62 25 P10253 GAA 197 29
P21333 FLNA 47 179 P04839 CYBB 89 31
P00480 oTC 180 21 P00451 F8 569 27
Q6UB99 ANKRD11 24 167 Q5007 LRRK2 25 66
P82279 CRB1 165 23 Q6ZUT3 FRMD7 30 30
Q93074 MED12 27 74 Q5K651 SAMD9 25 29
P16144 ITGB4 21 35 QouULVO MYO5B 23 37
076024 WEFS1 72 44 075197 LRP5 83 26
Q04671 OCA2 71 37 Q86XK2 FBXO11 46 33
Q8TAB3 PCDH19 105 21 P12755 SKI 22 22
Q13635 PTCH1 47 133 P02730 SLC4A1 46 42
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5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

Figure S5.1: Distribution of the DMS experiments for 30 proteins with

histograms, before (PRE) and after (POST) normalization. The protein

names are stated on the y-axis.
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5. Binary pathogenicity classification of missense variants through development of
quantitative protein-specific predictors

Figure S5.2: Leave-one-position-out performance of 30 protein-specific
predictors. Observed vs. Predicted heatmap plots for 30 PSPs are shown. The
names of the proteins, and the number of nonsynonymous variants of each

dataset is stated at the lower left side of each heatmap. *

* The outlier values of four proteins’ normalized assay scores were filtered out for
visualization purposes (we used ADBR2 normalized assay scores = —1, MAPK1
normalized assay scores < 3, RAS normalized assay scores < 2.5, UBE2| normalized

assay scores < 2.5 and SRC normalized assay scores < 3.12).
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6. Discussion

Interpreting the clinical impact of variants on disease phenotype is a
fundamental step for advancing precision medicine and individually
tailored treatments (Wong et al., 2021). This requires a comprehensive
understanding of the molecular impact of variants, a conceptually and
technically difficult task. Presently, the computational interpretation of
variants is primarily conducted through binary pathogenicity predictors
that are built using machine learning methods (Vihinen, 2012), which can
contribute significantly to interpretation of sequence variants when used
cautiously. These methods have the capacity to integrate large amounts
of data from protein sequences, structures, and experimental assay
values (Katsonis et al., 2022) in predictive models. Numerous
approaches have been developed for the pathogenicity prediction
problem using different combinations of features, algorithms,
refinements, etc. (summarized in Ozkan et al., 2021; Katsonis et al.,
2022; Liu et al., 2022). While they show promising performances, they
cannot be currently used in clinical settings as stand-alone devices due
to their limitations (Bean and Hegde, 2017; Sun and Yu, 2019). The aim
of this thesis was to develop a novel pathogenicity predictor for the binary
prediction of missense variants, based on a fundamental formulation of
the problem involving quantitative predictions of their molecular impacts.
We described how this key challenge (Shendure, Findlay and Snyder,

2019) has been addressed in three main chapters.

In the chapter entitled “The computational approach to the variant
interpretation: principles, results, and applicability”, we initiated our
investigation by conducting a thorough examination of the overall
performance of pathogenicity predictors commonly utilized in the
bioinformatics field. This work has been published as a book chapter

(Ozkan et al., 2021) in Elseviers ‘Clinical DNA Variant Interpretation’
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6. Discussion

book (Patrinos, 2021). In this review, we described the main
characteristics of pathogenicity predictors, including how the training sets
are collected, what kind of features are commonly used, the classification
methods, how the performances are validated, etc. We explored the
similarities and differences between general predictors (applied to any
protein), protein-specific predictors, and metapredictors. We observed
that, generally, metapredictors are the best performers, at the price of
losing interpretability. Further, we discussed the varying performances of
these tools in different benchmarking sets, how they differ from their
performances in the original publication vs. independent sets. Looking
ahead, we recognized that a promising advance in the field lies in the
development of continuous predictors, which define the prediction
problem as a quantitative one. The pioneer in this approach is

ENVISION, which predicts the molecular effect of variants quantitatively.

Following this, in our study in the chapter “Endophenotype-based
strategy for pathogenicity prediction in BRCA1 & BRCA2 missense
variants”, we turned our attention to investigating the power of
regression tools as main prediction engines in quantitative prediction
(Ozkan, Padilla and de la Cruz, 2021). This is relevant considering that
there is a technical difference between the tools used for predicting the
values of categorical and quantitative variables (Hastie et al., 2009). We
have recently started a research line in this direction testing the
performance of simplistic multiple-linear-regression models in the CAGI
ENIGMA challenge (Cline et al., 2019). The model presented was trained
to estimate the molecular impact of variants on BRCA1/2 function, using
only three features (Shannon’s entropy, position-specific scoring matrix
and BLOSUMG2). Interestingly, this predictor ranked at top positions
when compared to other predictors in the contest, including binary

classifiers (Padilla et al., 2019). In this part of the thesis, we used this
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predictor as a starting point and explored various regression models with
different feature combinations. We used the homology-directed repair
(Starita et al., 2017; Richardson et al., 2021) and saturation genome
editing assays (Findlay et al., 2018) as target (dependent) variables and
five features as independent variables. We tested the predictive
performance of five regression techniques: multiple linear regression,
ridge, lasso, elastic net, and kernel. The results of this work confirmed
the competitiveness of regression-based models for the prediction of the
clinical impact of variants. We showed that our sequence-based features
captured the characteristics of the functional assays, showing good
correlations mostly in the case of BRCA1. We further compared the
performance of regression models against a simple, in-house Random
Forest classifier, developed using the same set of features. We found
that the binarized regression model showed similar predictive
performance when compared to the Random Forest classifier, thus
confirming the viability of binary predictions based on quantitative models
of the variants’ impact. Our data also confirmed the validity of the
endophenotype conjecture (Masica and Karchin, 2016) stating that using
these intermediate phenotypes may be a good alternative to the use of

variant clinical annotations (pathogenic/benign).

The previous studies created the basis for the central part of our work. In
our study in the chapter “Binary pathogenicity classification of
missense variants through development of quantitative protein-
specific predictors”, we explain the process of producing a general
formulation of the prediction problem grounded on quantitative
predictions, in line with the back-to-basics proposal of Shendure et al.
(2019). To this end we broke down the prediction challenge into two

parts: the quantitative and the binary prediction problems.
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To address the quantitative prediction problem, we first built 30 protein-
specific regression models based on the use of DMS experiments. This
part allowed us to try different predictive features, in particular to
incorporate the use of 3D information from the AlphaFold database, the
recently published breakthrough (Jumper et al., 2021). Then, to extend
our approach to the proteins in the clinical genome, we developed an

Ensemble learning-based model, using a set of PSPs.

We found that sequence and conservation-related features have an
important predictive power, in accordance with what has been found in
the development of other prediction tools (Kumar et al., 2009; Niroula
and Vihinen, 2016; Gyulkhandanyan et al., 2020). On the other hand, our
feature importance analyses showed that structure-based features (such
as colasi and the Miyazawa and Jernigan potential) were important
contributors. This is relevant in the sense that these two features are
coarse-grained approximations of the protein energetics. Additionally,
this is consistent with recent studies which showed that integration of
features obtained from AlphaFold models increased the predictive ability

of pathogenicity predictors (Schmidt et al., 2023).

As a result, integrating sequence- and structure-based features with the
simple regression technique resulted in prediction models that accurately
captured variants’ molecular impacts. We compared the leave-one-
position-out cross-validated performance of our protein-specific models
against their reference method, ENVISION (Gray et al., 2018), and our
results (Figure 5.11) showed that our models outperformed ENVISION in
17 out of 20 proteins missense variant predictions, according to

Pearson’s correlation coefficients.

176



6. Discussion

Subsequently, based on the conjecture that the PSPs capture
overlapping aspects of a variant's molecular impact, we developed an
Ensemble-based approach to extend quantitative predictions to
missense variants from any protein. The median method employed has
several advantages for the variant prediction problem (Cao et al., 2020;
Sagi & Rokach, 2018). First, the possibility of any DMS experiment-
specific bias during training is minimized; second, each protein-specific
model can capture a different aspect of the molecular effect. Lastly,
taking the median reduces the influence of noisy predictions from
individual protein-specific models. Our model's molecular effect
predictions hold the potential to aid in the variant interpretation problem
by providing valuable information on the phenotypic effects of variants
(Fowler et al., 2010; Gasperini et al., 2016; Patwardhan et al., 2009;
Starita et al., 2017). It's predictions can contribute to DMS experiments
when it fail to provide variant effect scores for all variants they assayed
(Dorrity et al., 2018; Findlay et al., 2014; Firnberg et al., 2014; Matreyek
et al., 2018).

Lastly, we addressed the binary prediction problem, discretizing the
outcome of our Ensemble model. The results we obtained showed
(Figures 5.15) a good performance when compared with a selection of
top ranking in silico tools (Pejaver et al., 2022). Indeed, in our
benchmarking experiment, our success rate was close to that of these
tools. This confirmed that our work clears the way for the development of
fundamental approaches to the prediction problem and confirms the
feasibility of the fundamental approach proposed by Shendure et al.
(2019).
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7. Conclusion

The conclusions of this thesis are the following:

- The revision of the literature shows that predicting the clinical impact of

variants remains a major bottleneck in variant interpretation.

- The development of quantitative predictors for estimating the impact of

variants holds promise for solving the variant interpretation problem.

- Computational estimation of the endophenotype change upon mutation
for BRCA1/2 proteins shows promise in achieving accuracy levels

suitable for pathogenicity prediction problem.

- We have developed 30 protein-specific tools for the quantitative
estimation of the functional impact of variants. Direct comparison of these
models against their immediate competitor, ENVISION, showed a better

performance in 17 out of 20 cases.

- The ensemble-based pathogenicity predictor, built upon 10 top PSPs
using the median approach, can predict the molecular impact of variants
with only a small drop in performance. This shows that the median
approach is a good method for extending our quantitative model to the

whole clinical genome.

- Departures are observed from proteins deviating from the average

globular protein or having multiple interaction partners.

- When benchmarked against other predictors, our Ensemble-based
model showed good predictive performance. However, in most of the

cases it was outperformed by DeepSequence, an unsupervised method.
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7. Conclusion

- The binary predictions derived from the Ensemble-based predictor

showed good accuracy.

- When compared against top ranking predictors REVEL, VEST4,
BayesDel and CADD our binary predictions were very close. Although we
did not outperform these classifiers, obtaining close performances
indicates that we are able to represent the binary status of missense

variants given the current stage of our model.

- Globally, our work confirms that it is presently possible to develop a
fundamental approach to address the variant interpretation problem that

competes with symbol-based approaches.
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