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Abstract

Artificial Intelligence (Al) and Machine learning (ML) techniques have grown geometrically in
recent times and have been applied to solving problems in different human endeavors. ML techniques
are increasingly being used in Biomedical sciences and Personalized Medicine, where interpretability
and explainability are critical for supporting end-users’ decision-making. Biomedical sciences offer
unique challenges due to the requirement for interpretability, model stability, integration of domain
knowledge, and performance. In particular, the analysis of high dimensional datasets generated
through omics technologies presents critical challenges, including bridging the intrinsic complexity
of data and learned patterns into human-understandable domain knowledge that can be used to
generate new testable hypotheses. During my Ph.D. program, we combined interpretable machine
learning and domain knowledge analysis techniques into an Integrated Interpretable ML framework
for the analysis and interpretation of genomics datasets. In particular, we used this approach to
analyze a Whole Exome Sequencing dataset of 3000 Italian COVID-19 patients to identify genetic
factors associated with infection severity. To this end, we coupled a stratified k-fold screening, to
screen variants more associated with severity, with the training of multiple supervised classifiers, to
predict severity based on selected features. Feature importance analysis of our supervised ML
classifier identified the 16 most important variants which, together with age and gender covariates,
were found to be most predictive of COVID-19 severity. When tested on a follow-up cohort, our
ensemble of models predicted severity with high accuracy (ACC=81.88%; AUCROC=96%;
MCC=61.55%). Interpretation of most important variants through pathway analysis recapitulated a
vast literature of emerging molecular mechanisms and genetic factors linked to COVID-19 response
and extended previous landmark Genome-Wide Association Studies (GWANS). It revealed a network
of interplaying genetic signatures converging on established immune systems and inflammatory
processes linked to viral infection response. It also identified additional processes cross-talking with
immune pathways, such as GPCR signaling, which might offer additional opportunities for
therapeutic intervention and patient stratification. Publicly available PheWAS datasets revealed that
several variants were significantly associated with phenotypic traits such as “infectious disease,
immune system disease, Respiratory or thoracic disease”, supporting their link with COVID-19
severity outcome. This work further strengthens the post-hoc model explainability of our developed
Host Genetic Severity Predictor (HGSP) model by customizing it into a streamlit web app built on
the ExplainerDashboard python library. The work presented in this thesis offers examples of how
Interpretable ML techniques, coupled with knowledge-based bioinformatics tools, can augment the
capability to analyze and interpret high-dimensional omics datasets, by providing new means to
impact the medical practice.
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Chapter
1

Introduction

To provide the conceptual framework of the proposed Integrated Interpretable Machine Learning
framework, I will briefly introduce in the following paragraphs the most common concepts and
techniques of Al and ML in Biomedical Sciences (paragraphs 1.1 — 1.2). I also briefly discuss Model
interpretability (paragraphs 1.3 — 1.4) specifically in the Biomedical Sciences, Model explainability
(paragraphs 1.5 — 1.6), and opportunities for the applications of Interpretability in the Biomedical
field (paragraph 1.7). I concluded this chapter by briefly introducing the problem I intended to address

using Interpretable ML approaches (paragraph 1.8).



1.1 AI and ML in Biomedical Sciences

Artificial Intelligence (AI) and Machine Learning (ML) techniques are becoming increasingly
prevalent in a variety of domains, from natural language processing to computer vision and robotics.
One of the reasons for this growth is the unprecedented availability of big data, which has made it

possible to train and test increasingly complex algorithms.

This has led to a revolutionary shift away from qualitative, observational science and towards

quantitative, data-driven science [1]-[3].

Al is a branch of computer science that focuses on developing computer systems that can perform
tasks that typically require human-like intelligence. These tasks can range from simple ones like
recognizing speech or images, to more complex ones like playing games or making decisions [4]. Al
systems can be designed to operate autonomously or with human interaction, and they can use a
variety of techniques such as machine learning, natural language processing, and robotics to
accomplish their tasks [5], [6]. The concept of Al has been around for decades, but recent advances
in computer hardware and software have enabled the development of more sophisticated Al systems.
Al has been used in a variety of applications around the world, including self-driving cars, speech
recognition, and medical diagnosis. Al has the potential to revolutionize many industries, including
healthcare, finance, and transportation[6]. There are different types of Al that are relatively or largely
in use today such as Reactive machines, Limited memory, Theory of mind, and self-awareness. As
Al technology continues to advance, it is expected to become increasingly prevalent in our daily lives
and will likely have a significant impact on society. A commonly used technique of Al today is

machine learning [7].



Machine learning is a subfield of Al that focuses on developing algorithms and statistical models that
enable computers to automatically learn from data and improve their performance on a specific task
without being explicitly programmed. In other words, ML involves training a computer system to
identify patterns and relationships within a given dataset, and then using this knowledge to make

predictions or decisions about new data [5].

The field of biomedical sciences now encompasses several informatics sub-disciplines, including
medical informatics, clinical informatics, health informatics, bioinformatics, and biomedical
informatics—which refer to the development of techniques put together to analyze data, information,
and knowledge within the space of biology and medicine [4]. Experts in these fields are quick to point
out that most if not all the data science fall within the purview of informatics and biology. Informatics
is a broad field that includes the social aspects of interacting with data, information, and knowledge;
the challenges of human-computer interfaces; and the issues associated with introducing disruptive
new computational interventions into systems (like hospitals and Biolabs) with existing workflows
[3], [10], [11]. Biomedical researchers (biologists, physician-scientists, clinical trialists, and others)
are increasingly using Data science tools to transform their work in a data-driven fashion. Big data
sets, or data streams, are now major issues for these scientists, and they find the term “data science”
useful in capturing the pressures on their research and delivery missions [6]. Data streams in the

Biomedical domain are classified into three: genomic data, sensor data, and health care data.

In this context, Al and ML techniques are rapidly impacting fields such as biology and medicine. In
biology, these techniques have been used to analyze large-scale genomic data, such as
Deoxyribonucleic-Acid (DNA) sequencing, in order to identify genetic risk factors for diseases. In
medicine, Al and ML techniques have been used for clinical decision-making, drug discovery, and

disease diagnosis [11]-[14].



In particular, these techniques are being used to study complex diseases, such as COVID-19, and to
identify genetic markers that may be associated with disease severity. For example, recent research
has found that specific genetic variants may be linked to an increased risk of severe COVID-19,
highlighting the potential of Al and ML to improve our understanding of the underlying biological

mechanisms of disease [15]-[17].

The incorporation of Al and ML techniques in the Biomedical field has allowed for the development
of more accurate and personalized approaches to disease management and treatment. By leveraging
the vast amounts of data available, researchers and clinicians can gain deeper insights into the
underlying causes of complex diseases such as COVID-19 and develop targeted therapies that can

improve patient outcomes [18]-[21].

One of the key advantages of Al and ML techniques is their ability to identify patterns in large datasets
that may not be apparent to humans. This is particularly useful in the field of genetics, where there
are often many potential genetic markers that may be associated with disease [22]-[24]. By applying
ML algorithms to large genetic datasets, researchers can identify the most important markers and gain

insights into the underlying biological processes that may contribute to disease [25], [26].

There are several different approaches to using Al and ML for genetic association studies. One
approach is to use traditional statistical methods, such as linear regression or logistic regression, to
identify associations between genetic markers and disease. However, these methods can be limited
by assumptions about the underlying distributions of the data and may not be able to capture complex
interactions between genes and other environmental factors. issues that arise due to sparsity,
missingness, and curse of dimensionality continue to be a painstaking issue to deal with by the

Biomedical scientists [10], [27].

To address some of these limitations, researchers are increasingly turning to more advanced ML
techniques, such as neural networks and decision tree-based models [28], [29]. These methods can

identify more complex patterns in the data and can capture non-linear relationships between genetic
4



markers and disease. In addition, these methods can be used to predict the risk of disease for
individual patients based on their genetic profile, which may have important implications for
personalized medicine [21], [30], [31]. Another important area of research in the application of Al
and ML to genetics is the interpretations and human explanations of the results. ML models can often
be difficult to interpret, which can make it challenging for researchers in the Biomedical domain to
understand the underlying biological mechanisms of disease. To address this challenge, researchers
are developing new techniques for interpreting ML models, such as feature importance scores, partial
dependence plots, domain knowledge interpretation analyses such as functional/pathway enrichment
analysis [21], [23], [32]. These methods allow researchers to identify which genetic markers are most
important for predicting disease risk and to gain insights into the underlying biological processes that
may be driving these associations [33]. Fig. 1 provides an overview of the extensive literature search
conducted as a part of my Ph.D. research, aimed at gaining a deeper understanding of ML tasks and

techniques employed in the field of biomedical sciences.
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Figure 1: Distributions of ML tasks and techniques
A systematic mapping and reviewed studies were carried out on ML tasks and techniques to better understand the current
state of the arts.



1.2 Supervised Machine Learning Task

In the supervised learning technique, the machine learning paradigm shifts to mapping the input-
output relationship in the dataset [25]. The main goal of supervised learning is to learn a predictive
model that maps the feature inputs of the dataset to the specific target output [4]. If the output takes
a finite set of discrete values it is referred to as a classification problem, whereas if the output takes

continuous values, it is referred to as a regression problem.

The relationship between inputs and outputs is often represented by the parameters of a learning
model. When these parameters are not directly available from the training samples, a model
hyperparameter grid-search cross-validation is used to find the best model parameters to estimate the
model learning system [34]. The supervised ML approach use labeled datasets to train algorithms that
classify data or predict outcomes accurately. As input data is fed into the model, it adjusts its weights
until the model has been fitted appropriately, which occurs as part of the cross-validation process
[35]. A classification learning task is a common tool in the data science project life cycle used to
address Biomedical data science problems involving high dimensional datasets [36]. For example,
the classification of COVID-19 patients’ hosts genetic severity using clinical phenotype and whole
exome sequencing information [19], [37], [38]. Examples of supervised classification models include
logistic regression, k-nearest neighbor (KNN), support vector machine (SVM) [39], decision tree,
random forest, extra trees, gradient boosting, extreme gradient boosting, and adaptive gradient
boosting. When handling a continuous response variable, such as weight, height, and BMI, a
supervised ML task can be seen as a regression problem and is known as a regression learning task.
The models used for regression learning include generalized linear or multiple regression and random

forest regressor, among others [40].



Supervised regression learning task techniques are used for prediction, forecasting, and finding
relationships between quantitative data to model a continuous target output. This approach is one of
the most widely and earliest learning techniques for solving diverse problems. For example, in
biomedical sciences such as healthcare, the regression method is used to examine the relationship

between radiation therapy and tumor sizes [4], [41].

The supervised ML workflow involves four steps: training, applying, scoring, and interpretation (see
Figure 2). First, input data made up of features and labels for many instances are divided into a
training set and a testing set. The features and labels from the training set are then used to train the
pre-selected ML algorithm(s). During the training phase, the ML model learns the combination of
internal parameters that minimize the error in the predictions of the labels. Secondly, the trained ML
model is applied to the testing set features to generate predicted labels. A trained ML model can also
be applied to unlabelled instances to make predictions. Thirdly, the performance of the ML models
is scored by comparing the predicted labels with the known labels from the test set. Many different
performance metrics are used in the ML field, where the best metric depends on the type of ML
problem and the nature of the question being asked. A performance metric not only informs the
quality of a model but also provides a quantitative measure of how much we know about the
biological phenomenon in question given the features used. Finally, the ML model is interpreted to

provide a better, quantitative understanding of how the input features contribute to the predictions.
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Figure 2: A Supervised Machine Learning Workflow
Fig. 2 shows the current state-of-the-art supervised ML framework in Data Science project as highlighted in the
study of Azodi et al., [25].

1.3 Model Interpretability

Supervised ML classification techniques such as DL models have achieved state-of-the-art
performance in a variety of domains, there is a growing need to make the ML model algorithms more
interpretable [42]. Interpretability is crucial for two major reasons. First, a model that achieves
excellent performance may have identified patterns in the data that practitioners in the field would
like to understand. However, this would not be possible if the ML model is a black box. Secondly,
interpretability is necessary for trust. If an ML model is employed in a high-risk domain such as
making medical diagnoses, it is important to ensure the model is making decisions for reliable reasons

and 1s not focusing on an artifact of the data.



For example, an ML model was trained to predict the likelihood of death from pneumonia and
assigned lower risk to patients with asthma [9], but only because such patients were treated as a higher
priority by the hospital. In the context of DL, understanding the basis of a model's output is
particularly important as deep learning models are unusually susceptible to adversarial examples [10]

and can output confidence scores over 99.99% for samples that resemble pure noise.

The general concept of interpretability is broad, many methods described as improving the

interpretability of ML models take disparate and often complementary approaches.

According to Azodi et al., [25], to achieve model interpretability for example in dealing with complex
high dimensional omics datasets, there is a need for proper troubleshooting of the data. There are
three major reasons, troubleshooting, novel insights, and trust, why an interpretable ML model, or

the ability to understand what logic is driving a model’s prediction, is important (See Figure 3).
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Figure 3: Overview of ML Model Interpretation Strategies

Fig. 3 was adapted from Azodi et al., [25]. Model interpretability is important in Machine Learning (ML) for
troubleshooting during the model training process, generating biological insights, and instilling trust in the model's
predictions. There are three approaches to interpreting an ML model: probing, perturbing, and surrogates. Probing
involves examining the structure and parameters of the model, while perturbing strategies involve changing input
features to evaluate the impact on the model's performance. Surrogates use simpler models to predict the outputs of
complex models, aiding in their interpretation.



1.3.1 Interpretable Machine Learning in Biomedical Science

The need for interpretable and explainable ML models in the Biomedical field is becoming even more
pressing with availability of complex large datasets [27]. The field of interpretable ML has been
receiving increasing attention, particularly in the flourishing subfield of biomedical science like data
science and informatics. This area of research is becoming more active and accessible, with new
interpretations continually surfacing each year [43]. It allows prediction outcomes from complex ML

models to be humanly interpretable to the target populace [44].

Interpretable ML has provided human experts, physicians, data scientists, decision-makers as well as
end-users, with the awareness, trust, and fairness as well as they would like to embrace the use of ML

algorithms to address biomedical problems.

Indeed, interpretable ML techniques are guides to opening the pandora’s black box models and
making them explainable and adaptable to real-life challenges [25], [45]-[48]. Figure 4 provides an
overview of reviewed studies conducted between 1994 and 2020, which examined black box models

and the different types of explanations (local or global) utilized.
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Figure 4: Distributions of Interpretable ML in Biomedical Sciences
A systematic mapping and review study was carried out by Hakkoum et al., [49] to analyze 179 articles from 1994
- 2020 on interpretability techniques in the medical field.

Hakkoum et al.,[49] conducted a comprehensive systematic mapping and literature review of

interpretable techniques relevant to the medical domain. Their study focusses on different areas of

research e.g., research objectives, major contributions, and methods which allowed them to gain

insight into the most effective techniques used in the field. For example, the examination of various

publication venues and publication years help them to provide a broad view of interpretability

techniques’ evolution over time. Furthermore, their study’s inclusion of medical and ML disciplines

allowed for a more interdisciplinary approach to the analysis of interpretability techniques. This

approach provides a more comprehensive understanding of the subject matter and helps to facilitate

collaboration among experts from different fields.
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Their study also assessed different ML black-box techniques that were interpreted, and the
interpretability techniques employed. By doing so, the authors were able to determine the
effectiveness of different interpretability techniques in interpreting ML black-box models. Moreover,
the datasets used to evaluate the interpretable techniques allowed the authors to determine the

generalizability of the interpretability techniques across different medical contexts.

A research study by A. Lee et al. [31] employed interpretable ML to extend the existing breast and
Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm (BOADICEA) breast
cancer risk model by incorporating the effects of polygenic risk scores and other risk factors. The
authors used a visual interpretation approach to explain how genetic and lifestyle factors jointly
provided the highest risk stratification. The predicted lifetime risks for women in the UK varied from
2.8% to 30.6%, with 14.7% predicted to have moderate risk and 1.1% predicted to have high risk.
The authors highlighted the need for Interpretable ML approaches to enable personalized treatment

such as individualized decision-making on prevention therapies and screening.

The use of interpretable ML may help improve the understanding of the relationship between nutrition
and cardiovascular disease by better modeling non-linear and non-additive patterns [50]. The study
done by Morgenstern et al.[51] developed interpretable ML prediction models using dietary data to
explore how nutrients are related to cardiovascular disease (CVD) risk and evaluated their predictive
performance. The models included 61 nutrition variables and achieved competitive predictive
performance, including known and novel associations between diet and CVD. The use of
supplements, caffeine, and alcohol were found to be the most important nutrition variables for

predicting CVD risk.

This study of El-Sappagh et al.[52] discusses the limitations of current research on the diagnosis and
progression detection of Alzheimer’s disease, mainly due to the over-reliance on neuroimaging and
the lack of explainability in complex ML models. The authors propose an accurate and interpretable

model that integrates 11 modalities from a real-world dataset and uses a random forest algorithm.
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The model achieves high accuracy and provides physicians with explanations for every decision. The
proposed system can help enhance clinical understanding of the disease and improve patient

outcomes.

A study done by Islam et al.[53] research proposes an Al-based automated COVID-19 detection
system that can accurately detect COVID-19 from normal and other lung opacity chest X-ray images.
The study utilized three pre-trained models, namely Xception, VGG19, and ResNet50, and achieved
high accuracy rates for COVID-19 detection. The study also extended to differentiate COVID-19
from non-COVID-19 viral pneumonia and lung opacity images and developed an efficient model for
multi-class classification. Finally, explainable Al was employed to add interpretability to the
developed models, which will greatly benefit medical professionals in making informed decisions.
This research holds significant potential in improving the diagnosis and treatment of COVID-19

patients, especially in countries where healthcare systems are overwhelmed.

A major setback is the issue of the black-box nature or opacity of best-performing ML models such
as DL models [54], [55]. In critical areas that require prudence and the cost of making the wrong
decision, there is some reluctance to deploy such models because of the repercussions of making an
error (e.g., false positive, false negative) due to model misclassification is capable of undermining
human lives. This implies that Biomedical sciences abound with possibilities of “high stakes”
applications of ML algorithms and as such requires a lot of prudence and convincing explanations of
the ML results to the end users. For example, predicting the risk of patients capable of developing
severe COVID-19 disease when infected with the severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) (a potentially life-threatening response to the infection) is a crucial task that requires
interpretability. Thus, interpretable ML helps the end users to interrogate, understand, debug, and

even improve the ML framework[48], [56].
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There are a lot of opportunities and increased demands for interpretable ML models in Biomedical
sciences [10]. Interpretable ML models create room for end users to evaluate the model, ideally, a
decision is made, by such medical professionals and stakeholders [57], [58]. By explaining the
rationale behind the model predictions, interpretable ML frameworks give users reasons to accept or

reject the model’s predictions and recommendations.

Model explainability for example can play a vital role in the prediction of a patient’s end of life and
insights into therapeutic measures to prolong such a patient’s life using the right explanations [45],
[59]. The context of domain related-problem in that one seeks to deploy interpretable ML models and
techniques is critical as not all domain-specific situations warrant the need for an interpretation. In
the Biomedical science context (how “close” the algorithm is to the patient) associated with the
application determines the need for an explanation. Therefore, domain-specific used cases determine
the choice of predictive model algorithms to employ and the kind of explanations to provide. For
example, the choice of employing an interpretable model with inherent explainable features

drastically cut down the extensive post-hoc model explanations to give the end user.

1.3.2 Result of ML interpretation Method

According to Christoph Molnar [46], interpretation techniques can be classified as intrinsic or post-
hoc interpretations. The results of these interpretation techniques are easily identified based on their
output results. The output results could be coming from a model-specific or model-agnostic
interpretation methods (model specific in this context implies some interpretations that are designed

specifically for certain ML model algorithms).

While the model-agnostic implies interpretations that are not tied to any particular model). However,
even model-agnostic interpretation methods have limitations and may only be applicable to certain

types of models due to variations in model structures and outputs [45].
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The interpretation of regression weights in a linear model is a model-specific interpretation because
the interpretations of the model’s internals are intrinsically model-specific. Interpretation methods

that only work for e.g., neural networks outputs are model-specific [60].

Model-agnostic interpretation techniques, however, can be applicable to any kind of trained ML
model algorithm (post hoc) to generate interpretations. These agnostic methods usually work by
analyzing feature input and output pairs. These methods cannot have access to the model internals
such as weights or structural information [25]. The model-agnostic is further subdivided into local or
global interpretation techniques. Global interpretation explains the entire model’s behavior, for

example, the feature importance plot. Local interpretation explains the model at individual level [61].

1.3.3 Feature summary statistic

In ML, feature summary statistics refer to the techniques used to analyze and interpret the importance
of each feature in a dataset. Traditional machine learning interpretation methods often provide
summary statistics for each feature to aid in this analysis. Traditional ML interpretation methods give
summary statistics for each feature. Some methods return a single number per feature, such as feature
importance, or a more complex result, such as the pairwise feature interaction strengths, which consist
of a number for each feature pair [46]. One commonly used method for feature analysis 1s feature
importance, which assigns a numerical score to each feature based on its ability to contribute to the

accuracy of the model.

Feature importance scores can be calculated using various techniques such as permutation

importance, partial dependence plots, or tree-based models [62], [63].
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The feature pair method calculates the interaction strengths between each pair of features, which can
help to uncover complex relationships between features that might not be apparent when analyzing
them in isolation. The pairwise feature interaction strengths are typically represented as a matrix of

values, where each value corresponds to the interaction strength between a pair of features [64].

The summary statistics can be used to gain insight into the behavior of the model and help to identify
which features are most important for accurate predictions [65]. For example, in a medical dataset,
feature importance scores might reveal that a patient’s age and sex are the most important factors in
predicting the likelihood of a certain disease, while other features such as lifestyle choices and

medical history are less important.

In addition to helping with model interpretation, feature summary statistics can also be used to
improve the performance of the model. By identifying the most important features, machine learning
practitioners can focus their efforts on improving the accuracy of these features, potentially leading

to improved overall model accuracy [66].

Thus, feature summary statistics provide a powerful tool for analyzing and interpreting the behavior
of ML models. By providing insight into the importance of each feature, these techniques can help to
improve the performance of models and aid in the development of new and more accurate ML

solutions [57].
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1.3.4 Feature summary visualization

Visualization in the Biomedical science domain plays a significant role in ML interpretation,
especially when dealing with large and complex datasets by non-technical experts. Visualization plots
are used to communicate most of the feature summary statistics in a clear and understandable way to
target users. These plots help data scientists and physicians to make sense of the models and the

insights gained from them.

As stated earlier, the feature summary statistics is crucial in understanding the results of the ML
model. However, some feature summaries are more meaningful if they are visualized, and tabular
representation is redundant. One example of such feature summaries is the partial dependence of
features used for an ML prediction task. Partial dependence plots (PDPs) are curves that depict a
feature and the average predicted outcome [46]. PDPs are a type of visualization that shows the
marginal effect of a single feature on the model prediction outcome, while holding all other features
constant. PDPs are useful for exploring the relationship between the target variable and a specific
feature, as well as for identifying any non-linearities, interactions, or other complex relationships that

may exist [67].

In addition to PDPs, other visualization plots can be used to represent feature summary statistics. For
example, scatter plots can be used to display the correlation between two features, while histograms
can be used to show the distribution of a single feature. Box plots can be used to visualize the
distribution of a feature across different categories or levels of another feature. Heatmaps can be used
to represent the correlation between features, while tree diagrams can be used to represent the

hierarchical relationships between features in decision trees.
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1.3.5 Model internals

Model internals refer to the intrinsic parameters of a machine learning model that are learned during
the training process. These parameters are specific to the type of model being used and are often used
to generate predictions. Examples of model internals include the weights in linear models or the

learned tree structure of decision tree-based models [58].

In linear models, the weights serve as both model internals and statistics for the features
simultaneously [68]-[70]. These weights are used to calculate the contribution of each feature to the
model’s prediction. The importance of a feature is determined by the magnitude of its corresponding
weight. In decision trees, the learned tree structure includes the features and thresholds used for the
splits. This structure is learned during the training process and is used to make predictions by

traversing the tree from the root to a leaf node [71].

In the context of biomedical research, decision-tree based models are commonly used for predictive
modeling tasks. Decision trees use a tree-like model of decisions and their possible consequences,
including chance events, resource costs, and utility. The tree structure consists of nodes and edges,
where the nodes represent the features, and the edges represent the decisions or conditions. The

learned tree structure in decision trees is an example of model internals [56], [57].

Model internals are intrinsic model parameters that can provide insights into how the model makes
predictions. In decision trees, the learned tree structure consists of features and thresholds used for
the splits, which can be used to infer the importance of different features in making predictions. The
weights in linear models, another example of model internals, serve as both model internals and

statistics for the features simultaneously [72].
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Visualization techniques can be used to make the learned model internals more interpretable. For
example, the visualization of feature detectors learned in convolutional neural networks can provide
insights into how the model processes input data [73]. In decision trees, the learned tree structure can

be visualized as a tree diagram to help users understand how the model makes predictions.

Interpretability methods that output model internals are model-specific, meaning that they are specific
to the type of model used [43]. For example, the feature importance weights in linear models are not
directly applicable to decision-tree based models. Therefore, it is important to use interpretability
methods that are appropriate for the specific model being used to ensure accurate and meaningful

interpretation of the model internals [44], [74].

1.3.6 Data point

This classification encompasses all techniques that provide information in the form of data points,
whether they already exist or are generated, to make a model more understandable. One such
technique is known as counterfactual explanations. To explain the prediction of a data instance, the
method finds a similar data point by changing some of the features for which the predicted outcome
changes in a relevant way (e.g., a flip in the predicted class) [75]. Another example is the
identification of prototypes of predicted classes. To be useful, interpretation methods that output new
data points require that the data points themselves can be interpreted. This works well for images and

texts but is less useful for tabular data with hundreds of features [76].
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In the context of biomedical decision-tree-based models, the use of data points as inputs for
interpretation is crucial for improving the understandability of the model [77]. One technique for
using data points as interpretation inputs is through counterfactual explanations. This involves finding
a similar data point to the one being predicted, but with some of its features changed in a way that
results in a different predicted outcome [59]. This helps to explain why the model predicted a
particular outcome and can be useful in identifying which features were most important in the

prediction.

Another example of using data points for interpretation is through the identification of prototypes of
predicted classes. This involves finding representative data points for each predicted class, which can
help in understanding the decision boundary of the model and the features that differentiate between
different predicted outcomes [48]. However, it is important to note that interpretation methods that
output new data points require that the data points themselves can be easily interpreted. This can be
a challenge in tabular data with hundreds of features, where it can be difficult to understand the
contribution of individual features to the prediction. Nevertheless, techniques such as feature
importance and partial dependence plots can still be used to provide useful summaries of the model’s

behavior.

1.4 Interpretability from a new lens

Interpretations of model outputs from a supervised ML learning approach alone are not enough [10],
[77]. We need an unsupervised feature learning approach to further extract knowledge and insights
unable to be detected by the supervised ML approach. For example, genes identified from a feature
importance supervised ML technique is likely to provide meaningful explanations of associations

when further clustered using unsupervised techniques [20].
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Also, to further achieve human-friendly explanations in the Biomedical science domain, augmenting
the ML techniques with prior domain knowledge interpretations could capture actual biophysical
parameters of interest [48], [78]-[80]. Network-based features from domain knowledge bioinformatic
tools for example can be useful in extracting modules from 9 ovarian cancer expression datasets [81]—
[86]. Perturbed genes are robust features for survival prediction mode and important cancer

phenotypes [25], [87].

There are several interpretable properties that are necessary for ML model interpretability. However,
in my research, I considered three desirable model interpretable properties crucial to developing an
insightful and impactful ML model in the biomedical field. These properties are robustness,

performance-trade-offs and integration of domain knowledge.

1.4.1 Robustness and Model Stability

To date, there’s a lack of interpretability ML consensus framework by which model robustness can
be implemented to produce “highly robust” models. There is a need to evaluate the models’ sensitivity
to minor changes like tweaking an instance’s feature and observing it in many fold changes. Does
such sampling instance vary across this fold change? is there a resampling or shuffling technique such
as bootstrap or cross-validation that can be applicable to split such high omics dataset into so many

shuffled folds before the applications of ML modeling?

To the best of our knowledge on the reviewed literature currently available for knowledge extractions
and discoveries in multi-omics dataset problems, such computational strategy is still lacking [20]. A
lack of robustness in the interpretable ML framework usually results in explanation methods with
high variance and model performance trade-offs [44], [57], [73], [88], [89]. There is an urgent need
to address this critical issue while seeking to fully adopt an interpretable ML framework to address a

data science project in Biomedical sciences.
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For example, building a local or global surrogate model post-hoc explanation method to approximate
a complex (an already trained black box) model can be jeopardized [45], [60]. If the non-deterministic
part of the complex model suffers the issue attributed to high variance in the prediction outputs, the
simple surrogate explanations cannot be reliable in making sensitive or risky decisions that involve

human lives.

The issue of model instability may be largely attributed to the problem dataset, especially in a high

high-dimensional omics dataset that suffers from sparsity and a curse of dimensionality [90].

1.4.2  Interpretability and Model Performance Trade-offs

As stated earlier, interpretability and good model performance trade-offs are often always
antagonistic to each other [56], [66]. Complex ML models such as DNNs and ensemble models
usually perform better than inherent traditional ML models such as linear or decision tree-based
models [30], [91]. Usually, trade-offs are made as to which of the conflicting terms matter in the
context of the research problem [92]. Recent studies have shown that it is possible to achieve a good
model performance and still retain some generalizable interpretable ML properties for the ML model
[20], [67]. For example, an expert can train several traditional ML algorithms for a supervised
classification learning task to identify best-performing models [20]. This, in turn, can be combined to
develop a meta-algorithm ensemble voting model which can perform better than the single ML

models.
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1.4.3 Domain Knowledge Interpretations and Analyses

Domain Knowledge Interpretations and Analyses involve combining the knowledge and expertise of
domain experts with the insights obtained from ML models. This approach allows researchers to gain
a deeper understanding of the underlying biological mechanisms and pathways involved in disease
development and treatment. To effectively develop a user-friendly interpretable ML explanation
framework, there are need to integrate the domain experts and analyses before, during, and after the

development of the entire ML pipeline in a data science project [93].

In the Biomedical science field such as medicine, high precision is required to make decisions that
pertain to human lives, and as such the analysis should not entirely rely on data scientists or ML

engineers alone with little or no knowledge of the implications of their findings [94].

For example, in omics data analysis projects entailing the analysis of high dimensional datasets such
as the ones obtained with omics techniques, collaborating with domain experts such as
Bioinformaticians, Biologists, Geneticists, etc., can help to build a more reliable and interpretable

ML system [89], [95].

To this end, integrating domain knowledge interpretations and analyses enable various finding pieces
to crosstalk and assist in establishing promising advances in scientific knowledge and understanding
to generate testable hypothesis [20]. Such findings also support decision-making in biology and

precision medicine.

For example, outputs from trained traditional ML algorithms such as the feature weight importance
scores (e.g., genes or genetic variants when dealing with omics datasets) can be used to augment

domain-specific tools such as interpretations like functional enrichment/pathway analysis [96].
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Such interpretations can be used by domain experts to further gain insights into disease mechanisms

and identify potential therapeutic targets for certain rare genetic disorders, and cancer [25].

1.4.4 Enhancing Results of ML Models with Data Stratifications and Domain

Knowledge Integration

A crucial aspect of concern my Ph.D. research stressed and has not been fully addressed in recent
times is the issues relating to model instability of Interpretable ML algorithms when training high-
dimensional biomedical datasets as they can be prone to overfitting and poor performance. One
approach to addressing the curse of dimensionality in Interpretable ML is to use feature selection or
dimensionality reduction techniques to identify the most informative features or reduce the overall
dimensionality of the dataset [97]. However, these methods can also introduce additional complexity
and potential for error, particularly if domain knowledge is not incorporated into the feature selection
process. Another approach is to use ensemble methods or regularization techniques to improve the
model stability and prevent overfitting. For example, using a combination of multiple models or
incorporating penalties like LASSO, and ElasticNet for model complexity can help to improve
performance and reduce the risk of overfitting [40], [98]. While the issue related to a lack of
integrating domain knowledge analyses and interpretations in the development of the Interpretable
ML framework [12], [99] can be established by linking the interpretable ML results with the domain
wealth of knowledge such as literature or databases. Interpretable ML techniques can provide
valuable insights into the predictions of ML models, but they may not be able to fully capture the
complex and nuanced relationships between the features and the complex disease or condition being

studied. Automatically linking the most ranked important features from trained interpretable ML
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models with potential domain knowledge databases can ease interpretations and implications of

findings for domain experts.

In biomedical research, domain knowledge is critical for understanding the underlying mechanisms
identified during and after the ML model training phase. For example, what are the implications of
weighted scores (feature importance) identified for a cause of a disease or condition? Without the
integration of domain knowledge expertise, it can be difficult to interpret the results of an IML model
or validate the results accurately. For example, automatically linking the identified features'
importance names to a disease/drug repository for plausible drug targets or therapy [100] could create
insights and acceptability of the ML solutions by domain experts. Additionally, when analyzing
genomic data, domain knowledge is essential to understand the functional and biological implications
of specific genetic variations [23], [101]. Without it, researchers may not be able to fully interpret the
results of an Interpretable ML technique or validate the predictions of the ML model. Without it,

researchers may not be able to fully interpret the results of an interpretable ML model.

To improve the integration of problem data stratification and domain knowledge in Interpretable ML
frameworks, several steps can be taken. One effective approach is to split the problem dataset
randomly into stratified k-fold CVs [21]. Each fold will consist of a training set and a testing set, and
the stratification will be done such that there will be no data leakage. That is; the training set and
testing set in each fold are completely antagonistic to each other. These k-fold CVs will then be train
using several pre-selected ML state-of-the-art algorithms. Feature importance from the best estimator
models can then be aggregated for further domain knowledge analysis. To improve model
performance and stability, the best-trained estimator parameters from each k-fold will be combined
via an ensemble voting classifier and then used to retrain the £-fold CVs’ most informative features
identified. To integrate domain knowledge analyses in the Interpretable ML framework, one can
incorporate them into the model itself, such as linking domain-specific feature names or knowledge

databases with the most informative features dimed important from the trained ML models. Using
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domain-specific evaluation metrics is also important for accurately evaluating the performance and
interpretability of the IML model. The aggregated (pool of important features) feature-weighted score
list from the CV folds can be further harnessed for downstream domain knowledge analyses and
interpretations such as functional enrichment pathways and drug target repurposing [21]. Domain
knowledge can be incorporated into Interpretable ML models in several biomedical areas such as
medical imaging, drug discovery, genomic data, medical diagnosis, and clinical decision support.
Additional examples of domain knowledge approaches that can be integrated into the interpretable
ML framework include expert knowledge, patient/doctor focus group discussions, annotated medical
images, protein structures, biological processes, genetic variations, disease features, or clinical
protocols. Continuous learning from domain experts and updating the model with new knowledge is

also important to improve accuracy, debug system, and interpretability (see Fig. 5).

In depth discussion on how the problem dataset can be stratified using the stratified k-fold CVs
splitting strategy is found in section 2.4 (see Fig 9). A practical example of the stratification of the
problem dataset in a high dimensional multi-omics data science project is found in subsection 4.2.1

(see Fig. 13).
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Figure S: Interpretable ML framework for Biomedical Data Science Project.

An overview of interpretable ML framework integrating a computational splitting strategy of the

problem dataset via a stratified k-fold cross-validation approach (i.e., with each fold having a training

set and a testing set, and the splitting is done such that there is no information leakage between the

training set and the testing set in each of the A-fold CVs). The introduction of cross-validation splits

before training directly in the problem dataset will improve the model stability and generalizability

abilities. Additionally, integrating the domain knowledge analyses and interpretation techniques to

harness insights and knowledge extracted from ML-trained algorithms such as feature importance

weights, saved model outcomes, etc. In the area of Bioinformatics such as genomic problems, the ML

feature importance weighted score list can be names of genetic variants that can further be analyzed

for domain knowledge interpretation e.g., pathway functional enrichment analysis, protein structure,

drug targeting and repurposing, and potential therapies from databases such as UniProt [102],

Cytoscape, Reactome [96], [103], GeneCards [22], and so on.
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1.5 ML Model Explainability

Model explainability is a prerequisite to ensuring the scientific value of the outcome from exploring
ML approaches [97] [98]. It is a potential tool that helps non-technical Al experts to gain insights and
discoveries from an ML algorithm that captured information from its output and/or parameters
regarding the scientific process or experiment underlying the data. Interpretability and explainability
differ in some ways even though they have been used interchangeably in several contexts.
Interpretation is the mapping of an abstract concept (e.g., a predicted class) into a domain that humans
can make sense of it. The purpose of interpretability is to present some of the properties of an ML in
terms understandable to a human. Explainability on the other hand is the collection of features of the
interpretable domain that have contributed to a given example to produce a decision (e.g.,

classification or regression task) [99].

Focusing on the collection interpretation techniques on a given problem can be an explanation only
with further contextual information stemming from the integration of domain knowledge to the

analysis goal [99], [100].

ML model explainability cannot be achieved purely by algorithmic means because the interpretation
of a model in a human-understandable term for an individual datum might suffer incompleteness to
a holistic understanding of the decision system [98]. For example, the most important variable might
be the same for several data, however, the relevant observation for the understanding of overall
prediction behavior may be that when ranking features concerning their interpretation, different lists
of important features are determined in each datum. The overall result will depend on the underlying

analysis goal. “Why is the decision made?”.

Will need a different explanation than “why is the decision for datum “a” differ from datum “b” 7.

It is worth noting that in explainability, the goal of the ML *“user” is very important.
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According to Adadi et al. [101] there are four basic reasons to seek explanations: to justify decisions,
to control the system, improvement of the models, and to discover new knowledge. In broader terms,
other properties that are necessary for the explainability of ML algorithms include safety/trust,
accountability, reproducibility, transferability, robustness, and multi-objective trade-off or
mismatched objectives [98]. There are different types of model explainability, which can be broadly
classified into intrinsic and post-hoc explanations. Additionally, this study stress on the incorporation
of domain knowledge explanations into the intrinsic and post-hoc explanations [43], [56], [100],

[102], [103].

1.5.1 Intrinsic Explanation ML Models

Intrinsic explainability refers to the transparency of the model itself, which means that the model is
inherently interpretable and can be easily understood by humans. Models that are inherently
transparent, such as linear regression or decision trees, are considered intrinsically explainable [104].
One of the primary advantages of intrinsic explainability is that it provides users with a clear

understanding of how the model is making predictions [59].

Example of intrinsic explainable models include the rule-based model, linear model, attention model,
logistic regression, and tree-based ML models such as decision trees. Here focus is given to
explaining the estimated parameters of the model. For example, in a linear regression model, the
coefficients associated with each feature can be used to determine the relative importance of each
feature in predicting the output. This makes it easy to identify any biases or errors that may be present
in the model and to make any necessary adjustments. One of the challenges of intrinsic explainability

is balancing interpretability with model performance.
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In some cases, the most intrinsic explainable models may not provide the best performance, while
more complex models may be more accurate but less interpretable. Thus, it is important to find a
balance between interpretability and performance based on the specific needs of the application [103].
Intrinsic explainability is often limited to simple models and may not be sufficient for complex
models such as deep neural networks. This is because deep neural networks can have millions of
parameters, making it difficult to interpret the behavior of the model. In such cases, post-hoc
explainability methods may be needed to provide a more detailed understanding of the model’s
behavior [57]. To enhance intrinsic explainability, several techniques can be used, such as

visualizations, feature selection, and regularization.

Visualizations can be used to help users understand how the model is making predictions by providing
a graphical representation of the model’s behavior. Feature selection can be used to reduce the number
of features used in the model, making it easier to interpret. Regularization techniques can be used to

control the complexity of the model, which can help to improve its interpretability.

Because the models are interpretable by design, they do not require any post-processing steps to
achieve explainability [105]. Christoph Molnar [46] suggests that one simple method to achieve
human friendly explanation is to restrict to the adoption of algorithms that generate interpretable

models.
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1.5.2 Decision Tree-Based Models

The tree-based are ML models with inherent interpretable capabilities such that they can handle
outcome-input feature relationships that are nonlinear or where features interact with each other
[105]. The tree-based Interpretable ML models perform their operations by splitting the data multiple
times according to certain cut-off values in the input features. By performing the splitting, different

subsets of the dataset are generated, with each instance belonging to one of the subsets formed.

The last subsets are referred to as terminal or leaf nodes, while the subsets in between are called
internal or split nodes. According to Sagi, & Rokach [58], every classification made by a decision
tree split can be associated with a corresponding decision path. Additionally, the hierarchical structure
of the model is easily visualized holistically and can be explainable to the end-users with little or no

technical know-how.

While decision trees have many advantages, they also have several limitations that can make them
less effective in certain contexts. Some of the major limitations of decision tree-based models include:
1) Overfitting: Decision trees are susceptible to overfitting, which can lead to poor performance on
new data. 2) Bias and variance trade-off: Decision trees require careful tuning to achieve an
appropriate balance between bias and variance, which can be challenging in practice. 3) Instability:
Decision trees can be highly unstable, meaning that small changes in the input data can lead to
significant changes in the resulting tree structure and predictions. 4) Model interpretability: While
decision trees are generally more interpretable than other machine learning models, they can still be
difficult to interpret in some cases, especially when the tree is highly complex or when interactions
between variables are present. S) Handling continuous variables: Decision trees are designed to

handle categorical variables, which can make it challenging to incorporate continuous variables into
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the model. 6) Handling missing data: Decision trees require complete data for training, and missing
values must be handled carefully to avoid biased results. 7) Handling imbalanced data: Decision
trees can struggle to perform well on imbalanced datasets, where the number of instances in one class

is much larger than the other [106].

Examples of decision tree-based models include the decision tree model, random forest (ensemble of
several single decision tree models), and gradient boosting decision tree (GBDT) models which
belong to a sub-group of decision forests that includes models like Gradient Boosting (XGBoost),
CatBoost, and LightGBM models [58]. Interpretations from these models are in both context formats
and visualization formats such as the tree plots showing the hierarchical splitting schema of the
decision rule. Also, the feature importance bar plots are relevant to assessing features that best
contribute to correctly predicting the model outcome. The decision tree algorithms, however, may
fail to capture complex interactions among the input features, leading to fundamental biases in cases
where such interactions exist [10], [91]. This issue can be overcome by combining and training

several decision-tree models as an ensemble of decision trees [106], [107].

One of the applications of decision tree-based models in biomedical sciences is disease diagnosis.
Decision trees can be used to create a predictive model that can predict the presence or absence of a
disease based on certain features such as age, sex, previous medical conditions, and laboratory results.
For instance, decision trees have been used to diagnose various diseases such as diabetes, heart

diseases, and cancer.

Another application of decision tree-based models is in identifying biomarkers. Biomarkers refer to
specific indicators that can be used to monitor the progression of a disease or to predict the success
of a particular therapy. Decision trees provide an effective way to identify the most significant
biomarkers by analyzing large datasets and determining which variables are most informative in

grouping samples with or without certain outcomes.
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In addition, decision tree-based models can be applied to predict the efficacy of a drug for different
patient populations or to identify the optimal dose of a drug for specific patients. By analyzing the
patients' characteristics or other relevant data, decision trees can predict which patients are most likely

to benefit from a particular drug and which dose is optimal for that individual.

1.5.3 Post-Hoc ML Explanation Approaches

Post-hoc explainability is a technique used to explain the behavior of ML models that are not
inherently transparent or interpretable. Unlike intrinsic explainability, which focuses on the model
itself, post-hoc explainability techniques provide explanations after the model has been trained and

applied to new data.

After fitting the ML models (single or several ML algorithms as the case may be), the researcher may
further seek to synthesize some information from the model results in line with the research testable

hypotheses.

The process of analyzing the ML model using model-agnostic interpretation techniques to extract
knowledge (stable) from the model is called post-hoc explanations [45], [60]. The post-hoc
explanation methods are usually limited in their approximation of nature while keeping the underlying
model accuracy intact. One of the most common post-hoc explainability techniques is feature
importance analysis. Feature importance analysis can help users understand which features are most
important in making predictions. For example, in a deep neural network model, feature importance
analysis can be used to identify which nodes in the network are most active for specific inputs,

providing insights into the behavior of the model.
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One of the primary advantages of post-hoc explainability is that it can be applied to any ML model,
regardless of its complexity. This means that even highly complex models, such as DNNs, can be

explained using post-hoc explainability techniques.

However, post-hoc explainability techniques also have some limitations. They can be
computationally expensive, especially for large models with many parameters. Additionally, post-
hoc explainability techniques may not provide a complete understanding of the model’s behavior, as

they only focus on specific aspects of the model’s behavior.

To address these limitations, researchers are developing new post-hoc explainability techniques that
can provide more comprehensive explanations of the model’s behavior. For example, model
distillation techniques can be used to train a simpler model that behaves similarly to the original
model, making it easier to interpret. Additionally, incorporating domain knowledge interpretation
techniques and new visualizations are being developed that can help users understand the behavior

of complex models.

Focusing only on the supervised classification task, the post-hoc model explanations are subdivided

into global and local explanations [61].

1) Global Explanation Techniques

The global post-hoc explanation techniques are used to have a global understanding of the predictive
model by inspecting the structure and parameters of a complex ML model such as DNN models at
the general population level [45]. The global interpretation models can be constructed in two ways:
either to directly train data with interpretability constraints or white models (intrinsic interpretable
ML models) or approximate by explaining the output from a complex ML model [25], [57]. Global
explanations of the ML model help to shed light on the inner working mechanism and structure of an

opaque ML model which helps to foster acceptance and transparency of the model [108], [109]. An
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example of a global explanation technique includes training a surrogate model such as linear
regression, logistics regression, or a decision tree model to approximate a complex ML model such

as a DNN model.
2) Local Explanation Techniques

The local explanation techniques seek to understand individual predictions by an ML algorithm
locally, perturbing the model to know how and why the model makes its decisions [104], [105]. The
local interpretation frameworks are constructed by designing more justifiable model architectures that

could explain why a specific decision is made and why it is crucial [57], [71].

The local interpretation framework provides user-friendly explanations [91]. Examples of these
techniques include SHAP, LIME, and MAPLE [46]. Due to their generality, these methods are being
leveraged to explain several ML classifiers including DNNs and ensemble models in a variety of
domains such as law, medicine, and finance [8], [61]. Local interpretability can also help experts to

uncover causal relations between a specific input and its corresponding model prediction.

1.5.4 Global Post-hoc Interpretation Models

The global post-hoc interpretation modeling framework represents a vast collection of methods
tailored to address the black-box problem, where the researcher has no access to the internal feature
representations or inner model working metrics [101], [110]. There are considerable advantages to
using the post-hoc interpretation modeling layer on top of the opaque black-box ML model. First,
they work for a wide variety of ML model algorithms. Secondly, they permit different representations
to be used for internal modeling and explanation of the ML model. Lastly, they provide several kinds

of explanations for the same ML model [27], [63], [71], [111].
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Despite these advantages, there is a trade-off between the fidelity and comprehensibility of

explanations [45] that requires prudence when using post-hoc interpretation modeling techniques.

The global interpretable modeling frameworks are model agnostic and designed to achieve model
transparency and the potential generation of personalized adverse action notices [105]. Complex ML
models are analyzed using approaches such as the Partial Dependence Plot (PDP), Individual

Conditional Expectation (ICE), Feature Interactions, and Permutation feature Importance [46], [60].

1) Partial Dependence Plot

The PDP approach is used to visualize the functional relationship between a small number of model
feature inputs (generally one or two inputs) and the outcome [45]. As the name implies, the PDP
shows how the model’s predictions partially depend on the values of the input variables of interest
[46]. The PDP can also reveal if the relationship between the target and a feature is linear, monotonic,
or more intricate [46], [112]. The PDP considers all the input features and instances and gives general
explanations about the global relationship of a feature with the predicted target outcome and is easy

to implement.

2) Individual Conditional Expectations

The ICE is a model-agnostic interpretation method that can be applied to any ML model [48]. The
approach uses the same analogy as the PDP method; however, it is different because it displays the
marginal effect of feature(s) for each instance instead of calculating the average effect in an overall
data context as the PDP approach does [46]. It can be viewed as an extension of the PDP for individual
data instances. In the visualization context, the ICE plot displays the dependence of the prediction
outcome on a feature for each instance separately, resulting in one line per instance [48]. The ICE
plot is useful when searching for potential interactions in the dataset as the respective derivatives

should be the same for all data instances [46].
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The individual lines depict each instance for viewers to observe how the marginal effect of feature(s)
changes with diverse values of the input feature for individual instances. The ICE plots help to capture
heterogeneous relationships which is impossible to do when looking at just PDPs [47]. In this context,
the heterogeneous relationship implies features that have different directionality of impact on the

target outcome depending on different intervals of feature values.

A major setback to this interpretation technique just like the PDP is the issue of multicollinearity,
which implies that the features of interest should not correlate with themselves else it renders the

approach invalid [47], [112].

3) Feature Interactions

Interpretation of complex feature interactions cross-talking with each other can help shed new insight
into the complex problem under discourse [12], [113]. Since correlation is not causality, feature
interactions may hold some causal interpretations that do not necessarily imply correlation among the
features [64], [65], [100]. Feature interaction can be measured by estimating how much of the
variation of the prediction relies on the interaction of the features. According to Christoph Molnar
[46], the H-statistic is used to measure these effects via the decomposition of the model into several

partial dependence parts.

4) Permutation Feature Importance

This is a model inspection technique that utilizes tabular data to observe the feature values concerning

the predicted model score when the feature value is randomly shuffled [73].
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A feature is considered “important” if shuffling its values leads to an increase in model error, as this
indicates the model relied on that feature for the prediction. Conversely, a feature is “unimportant” if
shuffling its values does not affect the model error, indicating the model did not use that feature for

the prediction [111].

The feature importance criteria depend on the model error estimates. When the feature importance is
measured based on the model error (model performance) of the training set, they become too
optimistic and generalize poorly on the unseen dataset. It is recommendable therefore to perform the

feature importance based on the unseen test dataset [46].

1.6 Building Global and Local Surrogate Explanation Models

According to Poyiadzi et al., [114], the building of global surrogate explanation models required
putting into consideration features such as background (e.g., data characteristics, dimensionality,
number of points, distribution, noise level, periodicity, etc.,) application constraints (accuracy,
smoothness, ability to capture extrapolation, computational time, speed, interpretability, and fidelity).
Also, a classical approach is necessary like grid search CV to try different ML algorithms and

hyperparameter spaces to select the estimator that best suit the situation.

Usually, a global surrogate model that is interpretable such as the linear regression, logistic
regression, or decision tree model is built by training the preselected white box ML algorithm to
approximate the predictions of a black box model e.g., a DNN or an ensemble ML model [58]. Vital
information and conclusion can be drawn from the white-box surrogate model used to approximate

the black-box model by interpreting the surrogate model.
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The Local surrogate modeling framework is employed to explain individual predictions of
black-box machine learning models [104], [105]. A local surrogate model is a model that does the
approximation of a complex model such as DNN more accurately only in the “local” feature space
surrounding a single input [115] [116]. The idea is that even though a white box model may not
accurately capture the behavior of a black box model globally (the feature space of a large set of
training instances), it may e.g., linearly approximate the feature space local to a single training

Instance.

Local interpretable models are achieved by designing justified model architectures to explain the
rationale for why a specific decision was made [35]. It generates similar examples of instances to the
target instance. For example, by pointing out specific characteristics of a patient that are similar to a

smaller group of patients but different in other patients [64].

Some examples of local explainable Al frameworks that have been developed and deployed in recent
times include ExplainerDashboard, Al Explainability 360, Alibi, ELI5, H20, MLI Resources, LIME,

and SHAP [116], [117].

1.6.1 ExplainerDashboard

This is a python library package developed by Oege Dijk [117] to build interactive dashboards for
analyzing and explaining the predictions and workings of (scikit-learn compatible) ML models,
including XGBOOST, Catboost, and Lightgbm. The framework makes ML models transparent and

explainable with few lines of code and can be customized to adapt to the need of the researcher.

The ExplainerDashboard package is designed in such a way as to make it easy to quickly deploy a
dashboard web app that explains the workings of a trained ML model. The dashboard output as results

interactive plots on model performance, feature importance, feature contributions to individual
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predictions, “what if” analysis, partial dependence plots, SHAP (interaction) values, visualization of

individual decision trees, etc.

The library is also designed to be modular so that it is flexible to customize according to the
researcher’s specifications the interactive dashboards with plotly dash. Most of the work of
calculating and formatting data, and rendering plots and tables handled by the ExplainerDashboard,
is tailored to focus on the layout and project-specific textual explanations. (i.e., design it so that it

will be interpretable for business users in an organization, not just data scientists).

In addition, there is a pre-constructed standard dashboard with pre-made tabs that can be turned off
individual. The ExplainerDashboard allows the data scientist to create an interactive explainable Al

web app in minutes, without having prior knowledge of web development or deployment [118].

It allows also helps to investigate SHAP values, permutation importance, interaction effects, partial
dependence plots, all kinds of performance plots, and even individual trees in a random forest by

deploying an interactive dashboard with just two lines of code.

It is flexible to interactively explore components of the dashboard in a notebook/colab environment
(launching a dashboard straight from hence). Or design a dashboard with your custom layout and
explanations (thanks to the modular design of the library). Figure 6 illustrates a snapshot of an

interactive interface for the Rest API model output, which is explained using the ExplainerDashboard.
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Figure 6: Interactive plots showing ExplainerDashboard model output web app API interface.

The ExplainerDashboard is hosted on its URL path (e.g., localhost:8050/dashboard1l), and front-end.
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In the course of this thesis, the ExplainerDashboard was employed as a post-hoc model explanation
framework to interpret prediction model output results. During this study, a trained complex voting
classifier ensemble model was developed from a meta-heuristic aggregation of tree-based models
(Random Forest and XGBOOST classifiers) for host genetic severity prediction of COVID-19 among

European descent patients [21].

1.6.2 Shapley Additive exPlanations (SHAP)

This interpretation technique was developed based on the game theory to explain the output
predictions from a black-box ML model [119]. It uses the classical Shapley values from the game
theory approach to connect optimal credit allocations (average marginal contribution) with local
explanations. The Shapley values are measures of contributions by each feature and their impact on

the ML model (model performance score).

SHAP plots such as the SHAP feature importance plot are used to show features that contribute to
pushing the target predicted variable away from the base value in a positive direction (the base value
refers to the average model output value) to the actual value [120]. Usually, the positive features are
colored red to indicate the ones pushing the prediction higher, while the negative values are colored
blue to indicate the ones pushing the prediction in opposite direction. The SHAP explanation (also
known as the SHAP dependence) plot is used to visualize the impact a single feature has on the model
output. Also, the SHAP summary plot is used to provide a global explanation for the entire dataset

[116] (see Fig. 7).
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Figure 7: Example of SHAP explainer output plot visualizations

A case study of a multi-classification problem task (adapted from Shrikumar ef al., [121])

(a) Top left: SHAP values showing the distributions of the impact of each feature by summing the SHAP values and
displaying these sums according to their impact on the model output. The color representation of the feature values
connotes their impact contribution (red — high, blue — low). They revealed for example that a high LSTAT (percentage
lower status of the population) lowers the predicted home price. (b) Lower left: SHAP dependence scatter plot: this plot
is used to show the effects of a single feature across the entire dataset. (¢) Top right: SHAP force plot: this plot is used to
visualize the first prediction’s explanation of the model. (d) Middle right: SHAP force plot of the entire training dataset:
this plot is displayed at horizontal 90 degrees for the entire explanations of the training dataset in an interactive plot
setting. (e) lower right: SHAP absolute mean value plot: this plot is used to visualize the SHAP absolute mean value of
each feature and display their importance using a stacked bar plot.
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1.7 Opportunities in the Applications of Interpretable ML in
Biomedical Sciences

Interpretable ML has numerous applications: model validation, model debugging, and knowledge

discovery [122].

1.7.1 Model validation

Explanations could help examine whether an ML model has employed the true evidence instead of
biases that widely exist among training data. A post-hoc attribution approach, for instance, analyses
three question-answering models [123]. The attribution heatmaps show these models often ignore
important parts of the questions and rely on irrelevant words to make decisions. They further indicate
the weakness of the models is caused by the inadequacies of training data. Possible solutions to fix
this problem include modifying training data or introducing inductive bias when training the model.
More seriously, ML models may rely on gender and ethnic biases to make decisions [95].
Interpretability could be exploited to identify whether models have utilized these biases to ensure

models do not violate ethical and legal requirements.

1.7.2 Model debugging

In biomedical research, interpretable models can be used as a tool for model debugging because they
allow researchers to identify the factors that are most important in predicting a certain outcome
[124]. For example, if a researcher is developing a model to predict the probability that a patient will
develop a certain disease, they can use an interpretable model to identify which factors are most

important in predicting that outcome [73], [125].
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These factors might include the patient’s age, gender, family history, and other medical conditions.
By understanding which factors have the strongest influence on the model's predictions, researchers

can identify potential errors in the model and adjust improve its accuracy.

Additionally, interpretable models can help researchers identify biases in their data. For example, if
a model consistently predicts that patients from certain ethnic groups are at higher risk of developing
a disease, this could indicate that the data used to train the model is biased towards certain groups.
By identifying these biases, researchers can take steps to ensure that their models are fair and

unbiased.

1.7.3  Knowledge discovery

The derived explanations also allow humans to obtain new insights from the ML model by
comprehending their decision-making process. With explanation, the area experts and the end users
could provide realistic feedback. Knowledge discovery from interpretable ML in biomedical sciences
involves identifying meaningful patterns and relationships between input variables and output
predictions, which can provide insights into the underlying data generation process [126]. Some of

the applications of Knowledge Discovery from interpretable ML in Biomedical Sciences include:
1) Disease Diagnosis

Interpretable ML techniques can be used to identify patterns in medical data and improve disease
diagnosis [13]. For example, robust state-of-the-art ML approaches can be used to identify biomarkers
for diseases such as cancer, Alzheimer’s, COVID-19, and Parkinson’s disease, which can lead to
earlier detection and personalized treatment plans [127]. For instance, a rule-based interpretable

model has been utilized to predict the mortality risk for patients with pneumonia [128].

45



One of the rules from the model suggests having asthma could lower a patient’s risk of dying from
pneumonia. It turns out to be true since patients with asthma were given more aggressive treatments,

which led to better outcomes.

2) Drug Development

Drug development is a complex and time-consuming process that involves identifying potential drug
candidates, testing their efficacy, and ensuring their safety before they can be approved for use in
humans. Interpretable ML techniques can be used to identify patterns in drug discovery data and

improve the drug development process [129].

Interpretable ML can be used to predict the efficacy and toxicity of potential drug candidates. In drug
discovery, researchers generate large amounts of data on the molecular structures and biological
activities of thousands of compounds. Interpretable ML algorithms can be used to analyze this data
and identify patterns that are associated with drug efficacy or toxicity [ 130]. For example, researchers
at Stanford University [131] used Interpretable ML techniques to predict the efficacy of compounds
in killing cancer cells. They trained an interpretable ML model on data from over 200,000 compounds
and identified a set of 10 compounds that were predicted to be highly effective in killing cancer cells.

These compounds were then tested in vitro and found to be highly effective in killing cancer cells.

Interpretable ML can also be used to predict the toxicity of potential drug candidates. Researchers at
the University of California, San Francisco, used interpretable ML techniques to predict the toxicity
of compounds in the liver [127], [132], [133]. They trained an ML models and techniques on data
from over 1,000 compounds and identified a set of features that were strongly associated with liver
toxicity. The model was then used to predict the toxicity of new compounds, which were found to be

highly accurate.
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By using interpretable ML techniques to predict the efficacy and toxicity of potential drug candidates,
researchers can save time and resources in drug development. They can focus on developing
compounds that are more likely to be effective and safe and avoid those that are unlikely to succeed.
This can lead to faster and more efficient drug development, and ultimately, better treatments for

patients [134].

3) Personalized Medicine

Personalized medicine aims to provide individualized treatment plans to patients based on their
medical data. Interpretable ML techniques can be used to analyze patient data and develop

personalized treatment plans [94].

Interpretable ML and unsupervised clustering approach can be used to predict and stratified patient
response to specific treatments [135], [136]. For example, the study of Kaur ef a/.,[12], used data-
driven approaches to identify and predict the response of breast cancer patients to chemotherapy.
They trained an interpretable ML model on data from over 500 breast cancer patients and identified
a set of features that were strongly associated with chemotherapy response. The model was then used

to predict the response of new patients to chemotherapy, which were found to be highly accurate.

Similarly, interpretable ML techniques have been used to develop personalized treatment plans for
patients with chronic obstructive pulmonary disease (COPD). The study of Castaldi, ef al.,[137] used
IML techniques to analyze patient data and identify subgroups of patients with different treatment
responses. The researchers then developed personalized treatment plans for each subgroup based on

their predicted treatment response [11], [40], [76], [94], [125], [138], [139].
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4) Clinical Decision Making

Clinical decision-making is a complex process that involves integrating patient information with
clinical expertise and scientific evidence [122]. Interpretable ML techniques can assist clinicians in
making more accurate and efficient decisions by analyzing patient data and providing insights that

can help clinicians to identify patients at risk of developing complications [56], [S7], [71].

One area where interpretable ML can be particularly useful in clinical decision-making is in
identifying patients at risk [58]. For example, interpretable ML techniques have been used to predict
which patients are at risk of developing sepsis, a life-threatening condition that can result from
infections. The study of Henry et al., [140] developed an IML model that used electronic health record
data to predict the risk of sepsis in hospitalized patients. The model was able to predict sepsis with a

high degree of accuracy, allowing clinicians to intervene earlier and provide appropriate treatment.

Similarly, interpretable ML techniques can be used to predict which patients are at risk of developing
complications following surgery. For example, the work of Walker, et al., [141] developed an IML
algorithm that could predict the risk of postoperative complications based on patient data such as age,
sex, and medical history. The algorithm was trained on data from over 50,000 patients and was able
to accurately predict which patients were at risk of developing complications, allowing clinicians to
provide targeted care and reduce the risk of complications. Learned interpretable features based on

prior knowledge can be used to develop a mechanistic model with true biological interpretations.

Also, understanding multi-omics data science problems e.g., individualized explanations of
biomarkers for chronic kidney disease subtypes and stages of severity, new disease sub-classification
systems, drug repositioning, chemotherapy, and standard therapies for patients. Interpretable ML
highlight the importance of developing algorithmic solutions that can enable ML-driven decision-

making in high-stakes healthcare problems [142].
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However, there are need to be mindful of ethical and privacy issues when incorporating interpretable

ML techniques in Biomedical sciences [143].

1.8 Genetic Factors Contributing to COVID-19 Severity: Insights
and Challenges

The coronavirus disease 2019 (COVID-19) pandemic, caused by the infection with severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), is challenging health, economic and societal
systems worldwide at an unprecedented level. The SARS-CoV-2 infection is characterized by a large
variation in consequences ranging from asymptomatic to life-threatening conditions such as viral
pneumonia and acute respiratory distress syndrome (ARDS). ARDS is caused by an exaggerated host
immune response leading to lung injury, which starts at the epithelial-interstitium—endothelial
interface with increased vascular permeability and extravasation of immune cells, mostly
macrophages, and granulocytes. Infected epithelial cells and debris bind immune cell receptors,
triggering the release of inflammatory cytokines (predominantly IL-6, IL-1, and TNF-a) and

activating fibroblasts, resulting in a cytokine release syndrome [144].

Established host risk factors for disease severity, such as increasing age, male gender, and higher
body mass index, do not explain all the variability in disease severity observed across individuals
[145]. Genetic factors contributing to COVID-19 susceptibility and severity may provide novel
biological insights into disease pathogenesis mechanisms, new drug targets as well as new means for
patient stratification. It is important to consider that, despite the recent development of vaccines,
treating the disease remains an important goal in clinics. The first genetic factors described to
contribute to COVID-19 severity were rare loss-of-function variants in genes involved in type I

interferon (IFN) responses [146]-[149].
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At the same time, several GWAS projects investigating the contribution of common genetic variation
[149] to COVID-19 have provided robust support for the involvement of various genomic loci
associated with COVID-19 severity and susceptibility, with the strongest finding for severity being

located on chromosome 3.

The Italian GEN-COVID Multicenter Study contributed to the identification of rare variants [146],
[150] and common polymorphisms associated [146], [147] with COVID-19 severity through the
collection of more than two thousand biospecimens and clinical data from SARS-CoV-2-positive
individuals [149] and whole exome sequencing (WES) analysis. The COVID-19 Host Genetics
Initiative (COVID-19 HGI) has recently presented a comprehensive overview of the genetic factors
associated with COVID-19 severity, based on meta-analyses of numerous studies conducted in 19

countries [151].

While GWAS studies provide solid evidence of the host genetic factors individually associated with
COVID-19 severity, they most often fail to provide an organic picture of their interplay. By learning
(non-)linear patterns from data in a human interpretable fashion, explainable machine learning
algorithms might help in understanding the multifactorial nature of the interactions between host

genetics and COVID-19, at the same time providing effective tools for risk and severity forecasting.

In 2020, the Italian GEN-COVID Multicenter Study started to investigate how the combination of
common and rare variants could determine COVID-19 severity in a pilot study including WES data
of a first small cohort of hospitalized patients16. Efforts so far have utilized machine learning
techniques, such as LASSO logistic regression models, along with a Boolean representation of genetic
variants to determine the most significant features related to severity. These efforts have culminated

in the creation of an Integrated PolyGenic Score for predicting the severity of COVID-19 [149], [150].

50



In this study, we combined variant case-control screening, supervised binary classifiers training,
feature importance analysis, and dimensionality reduction techniques with pathway enrichment and
phenotype association studies to identify a few dozen genetic variants contributing to increased risk
of severe COVID-19 infection from a Whole Exome Sequencing (WES) dataset of a cohort of Italian

patients.
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Chapter
2

Genomics for Complex Disease

2.1 Chapter Motivation

The COVID-19 pandemic has underscored the urgent need to find effective approaches to tackle
complex diseases. With its potential to shed light on the genetic basis of diseases like COVID-19,
genomics has become an increasingly promising tool. Genome-wide association studies (GWAS)
have been widely employed to filter genetic variants that are associated with disease. However, the
filtering measures used in GWAS can sometimes be too stringent. As a result, researchers have been
exploring alternative methods for filtering disease-associated variants to complement GWAS studies.
Additionally, there is a lack of a comprehensive model explaining how genetic factors interact to
determine the susceptibility and severity of the disease. Addressing this gap in understanding could
provide important insights into the development of more effective therapies for complex diseases like

COVID-19.
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2.2 Introduction

Genomics is the study of an organism’s genome, which is the complete DNA sequence that makes
up a living being. It involves mapping, sequencing, interpreting, and comparing genomes of living
organisms to understand their functions, genetic diversity, and evolution. Genomics research has been
revolutionized by the development of high-throughput sequencing technologies, which provide rapid

and cost-effective access to genome sequences [152].

Genomics research has the potential to revolutionize medicine, agriculture, and environmental
sustainability [153]. For example, genomic medicine aims to personalize treatments and improve
disease diagnosis, prevention, and management. Genomic agriculture aims to increase crop yields,
reduce environmental impacts, and enhance nutritional quality. Genomic environmental

sustainability aims to protect biodiversity, monitor pollutants, and prevent environmental disasters.

One of the significant applications of genomics research is in studying complex diseases. With the
advancements in genetic technologies, researchers have successfully identified many genes
associated with human diseases [22]. Many of these diseases, such as cancer, diabetes, and heart
diseases, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) are known to have a
complicated genetic basis, making research in this domain challenging [154], [155]. It is understood
that most diseases are the result of complex interactions among multiple genes and environmental
factors. Genetic variations, such as single nucleotide polymorphisms (SNPs), copy number variations
(CNVs), and structural variations (SVs), that occur within genes, may contribute to the development
of complex diseases [156]. Furthermore, epigenetic changes, such as DNA methylation, histone
modifications, and non-coding RNAs, can also affect gene expression and contribute to the

development of complex diseases [157].
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In recent years, large-scale genomics studies, such as genome-wide association studies (GWAS),
transcriptomics, proteomics, and metabolomics, have been instrumental in identifying genetic
variants associated with complex diseases. These studies have led to the discovery of thousands of
disease-associated genetic variants, many of which are being used to develop new drugs or identify

potential targets for drug development [158], [159].

Furthermore, recent efforts to integrate multiple data types, such as genomics, epigenomics, and
transcriptomics, have led to the creation of comprehensive maps of disease-associated genes and
pathways. These studies have revealed previously unknown biological mechanisms that contribute to
the development of complex diseases, providing new insights into the molecular mechanisms

underlying these conditions [160], [161].

One such example is the identification of genetic risk factors associated with SARS-CoV-2 severity
in patients [162]. The SARS-CoV-2 has continued to pose a great threat to humanity ever since its
first outbreak in late 2019. The SARS-CoV-2 viral strand causes the new coronavirus of 2019
popularly known as COVID-19 which has claimed millions of lives. The disease is widely
characterized by a spectrum of clinical severity, suggesting a complex and highly dynamic host
response in patients [163]. Host (human) genetic variation associated with severity susceptibility or
infection might provide clues to effective points to develop therapy or even preventive measures to
intervene to develop medicine and vaccine against SARS-CoV-2 infection [164]. Most especially,
the scientific community is of kin interest that such findings provided by genetic human variations
could give important clues where existing drugs may be repurposed for effective therapy against
SARS-CoV-2 infection and life-threatening COVID-19 disease [19]. Also, we might be able to spot
groups of individuals in the human population that might be at unusually high risk and need to be

protected or might have innate protection against the SARS-CoV-2 infection [165], [166].
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The SARS-CoV-2 genetic severity and susceptibility can also manifest themselves in rare genetic
mutations which can cause healthy individuals to have a life-threatening response to COVID-19
disease [167]. Comorbidities such as diabetes, hepatitis, HIV, kidney-related problems, age, and
gender have been observed in several clinical studies to have strong ties with patients’ severity and
susceptibility to the disease [166], [168]. Some hosts are more susceptible to developing a severe

disease probably due to modulated influence of genetics, environment, and risk factors.

There is a knowledge gap as to why the response to COVID-19 infection varies so much from patient
to patient. The study of human genetics to diseases from several studies has pointed out some links
to the severity of the disease among some groups of patients [169]. For example, in some cases
healthy and young patients with no prior existing medical conditions when exposed to the disease
developed severe symptoms and some even succumbed to death from the disease. Emerging evidence
suggests that asymptomatic patients mount a weaker immune response to the COVID-19 virus [170].
There are some complex genetic interactions with the disease on the host side that can help to explain
the variability in COVID-19 severity susceptibility and outcomes among patients [171]. Vital
information as to why the disease differs greatly between people might lie in their DNA (e.g.,
variations in immune-related genes). Gene expression identifies patterns within human immune cells
and may also play a key role in determining how the host immune system interacts with the virus.
Examining genomes of patients who have a severe response to COVID-19 becomes necessary to
further understand these complex interactions that are crucial to shed more light on understanding the
biology of the disease, selecting drugs for repurposing — and knowing patients who are most at risk

or providing some sorts of protection against the infection [17], [172].
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2.3 Genomics in the Age of Al

Utilizing Genomics in the age of Al usually starts with a database of genomes. The database can be
created by sequencing the genomes of many different organisms [156], [159], [173]. Once the
database is created, algorithms are used to find patterns in the data. These patterns can predict how
diseases develop and how they can be treated [34], [174]. One of the benefits of genomics in the age
of Al is that it can help us find new treatments for diseases [175]. Genomics analysis in the age of Al
can help experts find new drug targets by understanding how diseases develop. This could lead to
more effective treatments for currently difficult-to-treat diseases. There are several approaches to
genomics Al but all share the common goal of using Al to improve our understanding of genomics
data. E.g., ML algorithms are used to identify patterns in genomics data automatically. These patterns
can then predict disease risk, diagnose patients earlier, and develop new treatments. Natural language
processing (NLP) techniques to extract information from the scientific literature on genomics. This
information can build knowledge graphs that map the relationships between genes, diseases, and
treatments [83], [85], [176]. Al systems can then use these knowledge graphs to generate new
hypotheses about the genetic basis of disease. Genomics analysis in the age of Al can help identify
genetic markers for diseases such as cancer by analyzing a patient’s DNA [83], [85]. This information
can then be used to develop more targeted treatments. Additionally, genomics in the age of Al has
been used to improve crop yields and livestock health. By analyzing the DNA of plants and animals,
researchers have been able to identify genes that are associated with increased productivity. Farmers
have produced higher yields with fewer inputs by selectively breeding for these genes. Genomics in

the age of Al is also being used to develop new antibiotics and other drugs.
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Al is widely now applicable in clinical genomics and tends to target tasks that are impractical to
perform using human intelligence and error-prone when addressed with standard statistical
approaches [173], [177]. Specialized knowledge and methods have been utilized in the various stages
of clinical genomic analysis, including identifying genetic variations, annotating genomes,
classifying variations, and linking genetic variations to observable characteristics. Eventually, these
techniques may also be used to predict observable characteristics from genetic variations. In this
context, descriptions were made about the major classes of problems that have been addressed by Al

in clinical genomics [159].

2.3.1 High Dimensional-omics Dataset

Rapid advancement in technologies has led to the generation of high-dimensional complex omics
data, such as genomics, transcriptomic, and metabolomic data in diverse Biomedical studies [90].
The usage of these datasets offers great promise for advancing precision and personalized medicine
[77]. Particularly, they have been utilized to develop prediction models for disease risk or progression
and adaptive response to treatment, and uncover molecular signatures linked to certain diseases
providing insights about disease mechanisms and identifying potential therapeutic targets [128],
[178], [179]. The utilization of multi-omics and radiomics, both of which fall under the category of

big data, is becoming increasingly popular for predictive analysis in the field of omics [90].

However, certain challenges hinder the full utilization of high-dimensional omics datasets in
Biomedical science research such as complexity, noise, irrelevant features, sparsity, and the curse of
dimensionality [12]. As such, many advanced statistical learning methods have been developed to
address these challenges. For example, the use of regularized regression techniques has been
developed for building prediction models and identifying important molecular signatures for disease

risk or prognosis [180], [181].
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These approaches have been useful in achieving simultaneous variable selection and model
estimation especially in analysing datasets with a sample size less than the number of omics features.
However, there are various computational approaches such as data mining, ML, DNN, statistical
methods, and metaheuristic techniques that have gained attention to process, normalize, integrate,
and analyze omics data [30], [90], [182]. Although, there are growing concerns that complex diseases
are multifactorial and may be attributed to harmful changes on multiple omics levels and on pathway

levels which relatively affects strong signal detections in most omics’ studies.

Also, most existing novel techniques are entirely data-driven and as such failed to incorporate
biological knowledge such as functional genomics and functional proteomics [34], [90]. This
biological Knowledge sheds new light on regulatory relationships between genes and gene products

that are often associated with disease risk or progression.
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Figure 8: Different biological layers of multi-omics data type

Adapted from Kaur, et al., [90]. Genome: A genome provides complete information about an organism’s DNA [156],
[158]. Proteome: In a cell, the proteome describes the complete universe of proteins [180]. Transcriptome: In a cell,
the transcriptome is the set of complete RNA molecules. Metabolome: In an organism, the metabolome is a complete
set of small-molecule types, like amino acids, carbohydrates, and fatty acids.
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2.3.2 Whole Exome Sequencing

Whole exome sequencing (WES) is the application of the next-generation technique to identify
changes in genes [152]. This approach is relatively latest and is changing the phase of genetics.
Massively parallel DNA-sequencing systems provide a sequence of huge numbers of different DNA

strands at once [183].

The integration of technologies such as omics and radiomics are greatly advancing the field of
medical genetics and is expected to greatly enhance the development of personalized medicine in the
near future [184]. WES technology is used to determine the variations of all coding regions, or exons,
of known genes [185]. WES provides coverage of more than 95% of the exons, which contains 85%
of disease-causing mutations in Mendelian disorders and many disease-predisposing SNPs

throughout the genome [16], [85].

WES is increasingly being utilized earlier in diagnostic evaluation, especially for genetically
heterogeneous disorders, such as complex neurologic diagnoses and multiple congenital anomalies
[83]. The WES has been used as a technique of gene discovery in large series of patients with autism,
epilepsy, brain malformations, congenital heart disease, and neurodevelopmental disabilities, and it
has effectively identified many novel disease genes and pathways analysis. The yield of WES in
clinical series ranges from 22 to 26%; however, it is still unclear which clinical indications are most
likely to yield diagnosis results using the WES approach. For example, the diagnostic yield in patients
with ataxia was 12.8% in one clinical case series and 44.1% in another. Also, WES is comprehensive
and unbiased in its analysis of all known disease-causing genes, it has the advantage of identifying
more than one genetic condition even when the clinical presentation does not make it obvious that
there is more than one diagnosis. WES significantly improves the diagnostic ability to address many
of the practical problems in clinical implementation and is routinely used to improve patients'

healthcare challenges [184].
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2.3.3  Genotype-to-Phenotype mapping

Genotype-to-Phenotype mapping refers to the relationship between an organism’s genetic makeup
and its observable traits or characteristics [186]. The genotype of an organism is the complete set of
genes that it inherits from its parents, while the phenotype is the physical expression of those genes
(e.g., eye color, height, disease risk). The process of mapping genotype to phenotype involves
determining which specific genes or genetic variations are responsible for a particular trait or
characteristic. This can be achieved through various methods, such as genome-wide association
studies, odd-ratio statistics which compare the DNA of individuals with and without a particular trait,
or through genetic modification experiments that manipulate specific genes to see their effect on

phenotype [187].

Understanding genotype-to-phenotype mapping can help in predicting an individual’s predisposition
to certain diseases, developing personalized treatments, and breeding programs to improve desirable
traits in plants and animals. However, since phenotype can also be influenced by environmental
factors, genotype-to-phenotype mapping is not always straightforward and may require complex

statistical analysis and computational modeling.

Human genomes contain numerous genetic variants that are either previously described as pathogenic
or predicted to be pathogenic [188], regardless of the individual health status [53]. Therefore, the
molecular diagnosis of disease often requires both the identification of candidate pathogenic variants
and a determination of the correspondence between the diseased individual’s phenotype and those

expected to result from each candidate pathogenic variant.

Al algorithms can significantly enhance the mapping of genotype to phenotype, especially the study

of complex diseases.
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Phenome-wide association studies (PheWAS) method involves comparing multiple phenotypes to a
single genetic variant or attribute, rather than just one phenotype. This approach was initially
developed using electronic medical records from the Vanderbilt DNA biobank, BioVU, but it can

also be applied to other sets with detailed phenotype information [33], [175], [176], [189].

The human phenotype ontology lists 1007 distinct terms defining different abnormalities of the face
[190]. These abnormalities are associated with 4526 diseases and 2142 genes. A dysmorphologist
will often identify these abnormalities individually and synthesize them into a clinical diagnosis. The
clinical diagnosis may then inform targeted gene sequencing or phenotype-informed analysis of more
comprehensive genetic data. Often the human-provided clinical diagnosis and molecular diagnoses
overlap but do not match precisely because of the phenotypic similarity of genetically distinct

syndromes.

2.4 Stratification of Problem Dataset

The development of computational strategies for model evaluation and selection is crucial in ML
research. One such strategy is k-fold cross-validation, which involves randomly dividing the dataset
into k£ roughly equal-sized subsets or folds. In each iteration, one-fold is used as the validation set,
while the remaining k-7 folds are used for training the model [138], [195], [196]. This process is
repeated & times, such that each fold is used exactly once as the validation set. Stratified k-fold cross-
validation is an extension of k-fold cross-validation that is particularly useful when dealing with
imbalanced datasets [196], [197]. In this approach, the folds are constructed such that they maintain

the proportion of samples for each class in both the training and validation sets.
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This ensure that the model does not overfit to the majority class and can identify patterns in the

minority classes.

During the course of this study, a simple stratified A-fold CV splitting strategy was first performed on
the phenotype information before genetic variant screening methods were employed (see Fig. 13).
Each of the stratified £-fold contain a training set and a testing set phenotype information. The genetic
variant screening was performed only on the training set of each stratified k-fold CV splits. During
feature matrices development, the variants identified from each training sets are remapped into the

genetic information for their corresponding testing sets (see Fig. 9).
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Figure 9: Stratification of Problem Dataset

A) Using the scikit-learn library in this instance; “‘from sklearn.model selection import StratifiedKFold, train_test split”
and loading the phenotype information for stratified k-fold CVs. (B) Use the stratified k-fold cross-validation
“StratifiedKFold(n-splits = k) where k = 2, 3, ..., 10. (II) Define the number of folds which is in accordance with the
number of k selected from (I). (II) Define the class ratio (e.g., 0.8 in each training set fold and 0.2 for each testing set
fold). Use the for loop to randomly stratified, shuffle and select the sampling unit indexes for each training and testing
fold. (III) save the training and testing fold information into a folder with each fold having a training and testing fold. C)
Employ the odd-ratio statistics or GWAS method to screen for significant disease associated genetic variants using the
phenotype information from each training sets of the stratified k-fold. Note: No screening is performed on the testing set
in each of the stratified k-fold CVs rather the identified significant variants from the training sets are remapped during the
feature matrix development phase. (D) The feature matrices (Phenotype+Genotype information) for both the training and
testing sets are formulated by remapping back the identified genetic variants during screening phase of the training sets.
(E) The feature matrices are further filtered using feature selection methods like LASSO, ElasticNet, SelectKBest, etc.,
to mitigate effects of multicollinearity, curse of dimensionality and also overfitting during downstream analyses like
classifications or regression supervised ML tasks.
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2.5 Statistical Analysis in Genetic Case-control Studies

Basic statistical analytical tools and tests are employed in population-based genetic association case-
control studies [191] to appropriately guide the selection of measures of association and their
relevance to disease models, and the selection of test of association, visualization, and interpretation
of results. The use of statistical analytical methods uses popular statistical tools for handling single-
nucleotide polymorphism (SNP) data to perform tests of association and visualize the results. This
approach also assumes that quality assessments and control checks have been carried out on the
dataset to detect and removed samples and markers capable of introducing biased. One first needs to

ascertain the genetic association is a case-control study.

This basically compares the frequency of alleles or genotypes at genetic marker loci, i.e., the SNPs

in individuals from a targeted population with and without a given disease trait.

This is to determine whether a statistical association exists between the disease trait and the genetic
marker. Also, the statistical methods employed in this context are concerned with the analysis of
common variants, i.e., alleles with minor allele frequency (MAF) > 1%. It is worth noting that

different techniques are required when dealing with rare variants.

The outcome of a genetic association study is dependent on identifying and measuring the genetic
variation (polymorphism) that is responsible for the observed association. This can be achieved
through direct genotyping, which involves specifically targeting and analyzing the suspected causal
polymorphism. While indirect genotyping occurs when the nearby genetic markers that are highly

correlated with the causal polymorphism are typed.
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Also, the basic assumption in the case-control study is that the individuals are selected in a case and
control groups provide unbiased allele frequency estimates of the true underlying distribution in

affected and unaffected members of the population under discussion.

2.5.1 Models and Measures of Association

In the case of an event such as a genetic marker consisting of a single biallelic locus with alleles Q
and ¢ (i.e., SNP). The possible unordered genotypes are Q/Q, q/Q, and g/q. The risk factor for a case
versus control status (disease outcome) is the event’s allele or genotype at a specific marker. The
disease penetrance associated with a given event e.g., genotype is the risk of the disease in individuals
carrying that genotype. The standard models for disease penetrance that signify a specific relationship
between the genotype and the phenotype include multiplicative, additive, common recessive, and

common dominant models [191].

For example, assuming a genetic penetrance parameter (> 1), a multiplicative model indicates that
the risk of disease is increased S-fold with each additional Q allele; an additive model indicates that
the risk of disease is increased f-fold for genotype ¢/Q and by 2-fold for genotype O/Q; a common
recessive model shows that two copies of allele Q are required for a f-fold increase in disease risk,
and a common dominant model shows that either one or two copies of allele O are required for a -
fold increase in disease risk. A commonly used and intuitive measure of the strength of an association
is the relative risk (RR), which compares the disease penetrance between individuals exposed to

different genotypes. Special relationships exist between the RRs for these common models [191] (see

Table 1).
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Table 1: Disease penetrance functions and associated relative risks.

Penetrance Relative Risk
Disease model q/q Q/q Q/Q Q/q Q/Q
Multiplicative fo foB foB?
B B?

Additive

fo foB 2f,B B 2p
Common recessive

fo foB foB 1 B
Common dominance

fo foB foB B B

1) Penetrance: this is the risk of disease in a specific individual. Genotype-specific penetrance

reflects the risk of disease with respect to genotype.

2) Odds ratio (OR): this is a measure of association derived from case-control studies; it is the

ratio of the odds of disease in the exposed group compared with the non-exposed group.

3) Relative risk (RR): this is the risk of disease or of an event occurring in one group relative

to another.

4) SNP: this is a genetic variant that consists of a single DNA base-pair change, usually resulting

in two possible allelic identities at that position.

Note: The table 1 was adapted from the study by Clarker et al, [191]. Their study developed a
protocol for basic stats analysis in genetic association case-control study, including selection of
measures and tests, result interpretation, multiple testing control, and replication strategies. Assuming
that the user has no prior knowledge of popular software data quality control methods. The protocol

takes ~1 hour.

Displayed in the table are disease penetrance functions for genotypes g/q, a/Q, and Q/Q and
associated relative risks for genotypes Q/q and O/q compared with baseline genotype g/q for standard
disease models when baseline disease penetrance associated with genotype ¢/q is fo and genetic

penetrance parameter is § > 19.
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The OR is used to quantify the relative odds of disease between individuals with and without the
allele or genotype. It compares the odds of disease in individuals with the variant to the odds of
disease in individuals without the variant, allowing us to assess the strength of the association. When
studying the allele risk factor for a disease in the case and control population, the RR is defined as the
ratio of the probability of an event (allele or genotype) occurring in a case group to the probability of
an event occurring in a control group [191]. The OR in this case are the odds of disease in exposed
individuals versus non-exposed individuals. Allelic OR compares the odds of disease in individuals
carrying allele Q to those carrying allele g. While the genotypic OR compares the odds of disease in
individuals carrying one genotype to those carrying another. A small disease penetrance makes little
difference between RRs and ORs. Multivariate statistical techniques such as logistic regression allow

for analysis of ORs with other SNPs, risk factors, and clinical variables [191].

2.5.2 Genetic Association Tests using Contingency Tables

When analyzing genetic association, researchers typically examine individual SNPs separately. They
can organize the data for each SNP that has a major allele O and a minor allele g into a contingency
table, which counts disease status based on genotype count (¢/q, a/Q, and Q/Q) or allele count (¢ and
0), as demonstrated in table 2. The null hypothesis assumes that there is no association with the
disease, meaning that the expected frequencies of alleles or genotypes will be the same in both the
case and control groups. To test for association, researchers use a chi-squared test statistic to
determine if there is independence between the rows and columns of the contingency table. By doing

so, they can determine whether a genetic variant is associated with the disease or not [191].
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Table 2: An example of a 2 X 2 contingency table for event (allele)

Event q 0 Total

Case ‘ A B A+B

Control ‘ C D C+D

Total ‘A+C B+D (A+B) + (C+ D)

If the disease prevalence in the control group carrying O the event can be estimated, then it is

represented as r(Q). The allele odds ratio is calculated as

(Ax D)
(Bx0C) @

OR(Q) =

The individuals with Q allele compared with the disease in individuals with the ¢ allele is given by:

OR(Q)

RRQ = T2 + n(@0R©Q 2)

A chi-square statistic is used to test for association and independence of the events.

2.5.3 Sequential Kernel Association Test

The Sequential Kernel Association Test (SKAT) is a supervised, computationally efficient regression
method that tests for correlation between genetic variants (common and rare) and a trait (continuous
or dichotomous) while adjusting for covariates with ease. It is a score-based variance-component test
approach and can be used to quickly calculate p-values analytically by fitting the null model

containing only the covariates, applicable to genome-wide data.
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This approach can be used to analyse a genome-wide sequencing study of 1000 individuals, by
segmenting the whole genome into 30 kb regions, this may require requires only 7 hours on a laptop

[141]. This implies the SKAT approach is computationally efficient.

According to Schork et al., [192] rare genetic variants are usually alleles with a frequency of less than
1%-5% and can play key roles in influencing complex diseases and traits. Notably, testing for
association with single common genetic variants using standard methods like High-throughput
Sequencing (HTS) may not have enough power to detect rare variants, unless the sample size or effect
size is very large. The use of HTS has helped experts to detect rare and common variants at the

genome-wide scale for thousands of individuals in a particular population of interest.

SKAT is a flexible and computationally efficient regression method that tests for association between
variants in a region, both common and rare, and a dichotomous (e.g., case-control) or continuous
phenotype. It adjusts for covariates, such as principal components, to account for population
stratification [193]. When a small sample adjustment is made to the SKAT test is called an optimal
unified test (SKAT-O). SKAT-O is computationally efficient and can easily be applied to genome-
wide sequencing association studies [194], [195]. The SKAT-O utilizes the Burden test to adjust for
the small sample. The Burden test is very useful when a large percentage of variants are causal, and

effects are in the same direction.

The study of Lee ef al, [183] utilizes the SKAT-O analysis approach as a variant screening
alternative tool other than the OR statistics variant filtering/screening approach for a case-control
whole exome sequencing. The identified genetic variants from the SKAT-O method can be used to
perform a Phenome wide association studies (PheWAS) analysis to support already established

results from GWA studies literature and OR screening approach [20].
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2.5.4 Controlling for Multiple Testing

An effort to controlling for multiple testing is a crucial aspect of studies that involve numerous genetic
markers, particularly Genome-Wide Association (GWA) studies. This technique allows for accurate
estimation of significance thresholds [191]. The significance level, also known as the type I error or
false-positive rate, represents the probability of rejecting the null hypothesis when it is, in fact, true.
Investigators usually set the significance level, indicating the proportion of false positives they are

willing to accept in their study.

The family-wise error rate (FWER) refers to the probability of making one or more type |
errors in a sequence of statistical tests. Lowering the FWER reduces the proportion of false positives
at the cost of lowering the ability to detect an actual association if present. It is crucial to determine
the appropriate FWER during the planning phase of the analysis and to monitor the number of
statistical comparisons made. To maintain the overall FWER, it is necessary to adjust the significance
thresholds for individual SNPs for multiple testing [196]. This helps to accurately estimate
significance thresholds and is particularly important in studies involving many genetic markers, such

GWAS.

Holm [204] developed an alternative method to control for the family-wise error rate (FWER), which
is a more lenient version of the original Bonferroni correction approach. This method involves
ranking the p-values obtained from each statistical test and then sequentially adjusting the
significance thresholds for each test based on their rank. By doing this, the Holm’s method ensures
that the proportion of false positives is kept at an acceptable level while maintaining good statistical

power to detect true associations[197], [198].
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This method has been widely adopted as an effective approach to control for multiple testing in
genetic studies. It is particularly useful when dealing with many statistical tests, such as in GWAS,
where the traditional Bonferroni correction approach may be too conservative and result in too many
false negatives. By using the Holm’s method, researchers can efficiently and accurately estimate the

significance thresholds and identify true associations with high confidence.

While the family-wise error rate (FWER) is a traditional approach, there are other methods available
that offer different levels of stringency. For instance, false discovery rate (FDR) procedures control
the proportion of false positives among the declared significant SNPs, but they may not be suitable
for genome-wide association (GWA) studies due to the dependency between markers and the small
number of expected true positives [197]. Thus, researchers must carefully evaluate the trade-offs
between statistical power and the level of stringency required for controlling false positives when

selecting an appropriate method for their study.

2.6 Application of ML to Genotype-to-phenotype Prediction

A crucial aspect of the clinical aim of genetics is to augment diagnoses and forecasts of future disease
risk. Basic statistical approaches to polygenic risk prediction allow for personally and clinically useful
stratification of risk for some common complex diseases [177]. Some studies have utilized genomic
prediction of complex human traits using Al algorithms, but most of those reported in the literature
to date is probably overfit as they purportedly explain substantially more trait variance than should
be possible based on heritability estimates [53]. One of the uses of ML in the genomic prediction of
height was able to be able to provide relatively accurate predictions within expected bounds [199],

suggesting that Al-based methods can be used to improve upon statistical techniques.

70



Although, the true utility of Al-based techniques in genotype-to-phenotype prediction does come
from the integration of a variety of health data types and risk factors into comprehensive predictors

of disease risk [200].

Common diseases are due to a complex interplay between inherited genetic risk factors,
environmental exposures, and behaviours [77]. Genetic risk alone provides a baseline estimate of
lifetime risk for disease, but genetic risk combined with other risk factors allows for a narrowing of
that probability space into a short-term projection of disease risk. For example, several non-genetic
risk factors are linked with breast cancer risk, including mammographic density, age at first birth, age
at menarche, and age at menopause [32], [179]. Combining these non-genetic risk factors with genetic
data significantly improves the accuracy of breast cancer risk models and can inform risk-based
mammographic screening strategies [86]. In the same manner, significant improvement in risk
stratification can be achieved by integrating conventional and genetic risk factors for coronary artery

disease [201].

Genetic risk score models are more useful than simple pathogenicity assertions in cases where a
common disease is the result of a combination of weak effects from multiple loci. For example,
current models integrate genetic and non-genetic risk factors in simple additive models that probably
do not capture the complex causal relationships between these heterogeneous risk factors. Al
algorithms, a data-hungry approach, excel at dissecting this complexity. Shedding new light into the
complex interplay between genetic data, EHR data, digital health monitoring devices, and other

sources of health information with Al-based algorithms is a compelling prospect for the future.
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2.6.1 Use of Interpretable ML to Genotype-to-phenotype Prediction of Complex
diseases

The genotype-to-phenotype prediction of complex diseases is an area of research that aims to identify
the causal relationships between genetic variations and the development of various diseases. The
application of ML algorithms to the analysis of genetic data has provided a powerful tool for
identifying these relationships. However, the use of complex ML models has raised concerns as to

the interpretability of their results.

To address this problem, interpretable ML techniques have been developed, which aim to provide
explanations for the predictions made by these models. The application of interpretable ML to the
genotype-to-phenotype prediction of complex diseases involves the use of algorithms that are able to

explain the various genetic interactions that lead to the development of diseases.

One example of an interpretable ML technique that can be applied to this area of research is the use
of decision trees. In this approach, decision trees are generated to model the relationships between
genetic variations and the development of diseases. These trees can be visualized and interpreted,
allowing researchers to gain insights into the underlying biological mechanisms that give rise to

disease.

Another IML technique that can be applied to the genotype-to-phenotype prediction of complex
diseases is the use of feature importance methods. These methods involve the use of algorithms that
identify the most important features or genetic variations that contribute to disease development. By
identifying these key genetic variations, researchers can gain a better understanding of the genetic

architecture underlying complex diseases.
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2.6.2 Phenome-wide Association studies

Phenome-wide association studies (PheWAS) is an approach used to analyse many phenotypes to
compare with a single genetic variant (or other attributes) disease status or other traits of an individual
such as disease complications or adverse drug events [176]. The phenome-wide association has
immensely demonstrated its capacity to rediscover important genetic associations related to
immunological diseases/conditions [175]. Moreso, PheWAS is very useful for identifying genetic
variants with pleiotropic properties. This is particularly relevant for example in a genetic study of
HLA variants. The PheWAS results have demonstrated that the HLA-DRB1 variant associated with
multiple sclerosis may also be associated with erythematous conditions including rosacea [113],
[202]. In like manner, the PheWAS has shown that the HLA-B genotype is not only associated with
spondylopathies, uveitis, and variability in platelet count but may as well play an important role in

other conditions, such as mastoiditis [203].

2.6.3 Functional Enrichment Analysis

Functional enrichment analysis also known as the Gene set enrichment test is among the most
popularly used techniques in computational biology used to identify trends in large-scale biological
datasets [34]. The Gene sets are simple lists of usually functionally related genes without further

specification of relationships between genes [35], [204].

In the field of Biomedical Sciences, functional enrichment analysis of gene expression data is
frequently employed to identify the disease and potential drug mechanisms. Functional enrichment
analysis is necessary because of a lot of challenges that come with the measurement of thousands of
genes simultaneously and can identify hundreds of genes or thousands of significant associations in
a single experiment.

73



Interpreting such data is quite tedious as the number of sheer associations can be challenging to
investigate in a gene-by-gene approach. Functional enrichment analysis tools have been developed to
summarize regulated gene expression profiles into simplified functional categories. The functional
categories depict signaling or biochemical pathways curated from information present in the literature

stored in archives or databases.

The validity of functional enrichment analysis depends upon rigorous statistical methods as well as
the accuracy of the up-to-date gene functional annotations. The most frequently used databases of
gene annotations include Gene Ontology (GO) and Kyoto Encyclopaedia of Gene and Genomes

(KEGG) [34].

The most used functional enrichment tools can be grouped into two categories: (i) overrepresentation
analysis (ORA) and (ii) functional class scoring (FCS). In ORA, differentially expressed genes
(DEGs) meeting a significance and/or fold change cut-off are queried against curated pathways (gene

sets).

A statistical test is performed to check the number of DEGs belonging to a particular GeneSet if it is
higher than expected to have occurred due to random chance as determined by comparison to the
background gene list. The ORA tool can be used as a stand-alone software package or web service,

and they incorporate one or more statistical tests such as Fisher’s exact test, and the Chi-square test.

It is worth noting that when using the ORA approach, the whole genome background gene list may
be suitable in cases where all genes have the capacity of being detected, for example in studies of
genetic variation. However, the problem becomes more acute when the proportion of measured
genes/proteins is small, for example in proteomics and single-cell RNA-sequencing where only a few

thousand analytes are detected [205].
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The FCS tools involve giving each detected gene a differential expression score and then evaluating
whether the scores are more positive or negative than expected by chance for each gene set. The
widely used Gene Set Enrichment Analysis (GSEA) tool employs permutation techniques to
determine whether a specific gene set is significantly correlated with higher or lower scores. This is
achieved by either shuffling the sample labels or by randomly reordering genes in the differential

expression profile [206].

2.6.4 Pathway Enrichment Analysis and Visualization

Pathway Enrichment Analysis (PEA) is a technique used in computational biology to identify
biological functions that are present at a higher frequency than random probability in a group of
genes. PEA also prioritizes these functions based on their significance. It serves as a useful
bioinformatic procedure that identifies specific biological pathway processes as being in abundance

in a list of genes.

According to Chicco et al. [207] the pathway databases are usually designed in line with specific
needs, for example, metabolic pathways and LIPEA are used to curate for lipid functions while
general purposes ones such as KEGG, Reactome, and Wikipathways are explored for a wide range
of tasks. Several statistical methods can be employed to associate the most enriched biological
pathways in the input gene list and take into consideration, the number of genes and the likelihood of
a pathway to be found enriched [208]. A statistical method such as the g: profiler g: GOSt, for
example, is used to modify Fisher’s exact test in three ways (Bonferroni corrections, Benjamini-
Hocberg, and false discovery rate (FDR)) to improve computing multiple testing corrections for the

p-values.
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Chicco et al. [207] further stressed that, before a novice delved into the use of pathway enrichment
analysis tools and techniques, it will be a good practice to bear some of the following tips in mind:
(1) clarify the kind of analysis in mind to perform (e.g., overrepresentation analysis or gene set
enrichment analysis (GSEA)), (ii) know the data type e.g., knowing how the gene list dataset was
generated (ensure the quality of the input genes or genomic regions by looking into the gene id, gene
symbols via g:Profiler g:convert, and Gene Cards). (iii) Explore multiple PEA tools e.g., use at least
two PEA tools for functional enrichment analysis, (iv) Document all used PEA tests and their details
e.g., report details and information of functional enrichment analysis made with g:Profiler g:GOSt
such as test ID, input genes, source, disease, tool, access, software package version, URL, organism,
queried statistical domain scope (e.g., annotated genes), data sources, significance threshold, user
threshold, parameters, output file name, output file folder, output file location. (v) usage of corrected
p-values, and not nominal this is because the closer the p-value to zero the more significant the result
is. (vi) keep in mind that PEA results can be strongly influenced by the statistical tests and techniques
employed and therefore, it is recommended to use any statistical method that is well studied and
explored as it meets the need of the researcher before being adopted. (vii) consult domain experts

such as lab clinicians to interpret the implications of pathway enrichment analysis results.

Figure 10 depicts a snapshot of the web-based interface of bioinformatic pathway enrichment analysis

tools that are widely used by researchers in the field of Biomedical sciences [96], [209], [210].

76



Reactome Pathway Interface

Databases Ao annatation Kanohisa Lab

| T O ) ) 2 29 KEGG PATHWAY Database
s e - - R Wiring diagrams of molecular Interactions, reactions and relations
KEGG2  PATHWAY DISEASE  DRUG
a o

KEGG Pathway Interface

Cytoscape Pathway Interface

- el b =

e St (T _ o=l
§ S = .

1
&

Figure 10: Visual interface of commonly used functional enrichment/pathway analysis tools.

Pathway Enrichment Analysis Visualization

The use of visualization as a storytelling communication tool is a key pillar of bioinformatics and of
modern scientific research [207]. Thus, proper visualization plots provide an alternative medium, and
new insights about the data representation and serve as an easy tool to communicate scientific insights
to the audience [207], [208]. The visualization step of a PEA, although fundamental, is sometimes

underrated by inexperienced users.

The visualization of PEA results is vital for the interpretation of the PEA results by experts. It is,
therefore, advisable that all PEA practitioners employ multiple tools for the visualization of PEA

results.
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Moreover, the key point to keep in mind during this phase is that different visualization tools and
styles can highlight different scientific aspects of the results and therefore unveil unexpected

biological novelty that would have been unnoticed otherwise [35], [206].

Chicco et al., [207] suggest that visualization of PEA results can be beneficial in helping users identify
the main enriched functional subjects and interpret the enrichment results. By providing a graphical
representation of the data, users can easily and quickly detect patterns and relationships that may be
difficult to identify in a table format. This can aid in identifying important pathways and functional
groups that are enriched in the analysis. The visualization of PEA results can also facilitate
communication of results to colleagues and other stakeholders, as it provides a clear and concise
summary of the analysis. Without visualization, it would be more challenging to understand the PEA
results. Various PEA visualization techniques are available to help deal with redundancy of
enrichment results by grouping similar processes and pathways into common functional themes or
clusters. Some of the commonly used techniques by researchers include Enrichment Maps and
enrichplot for biological pathways, AutoAnnotate for networks, REVIGO, and CirGO for GO
annotations. Network visualization techniques can also be utilized to detect a lower adjusted p-value

threshold and similarity properties [96], [208], [211], [212].
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Chapter

Thesis Objectives

3.1 Contributions of this Thesis

During my Ph.D. project, I explored several crucial questions concerning the plausible innovative
approaches to reduce model instability and create a “highly robust” model with interpretability

properties alongside the incorporation of domain knowledge interpretation analyses:

1) can there be a computational strategy directly embedded to tweak the problem dataset to
account for model instability?

2) Is it plausible to develop a complex model with good performance and generalizable
interpretable properties?

3) Will incorporating domain knowledge interpretations and analyses help to create a more user-

friendly Interpretable ML framework?

This work aims to try to answer these questions. To do so, I concentrated on the most important three
issues — lack of model robustness, the development of a complex model with Interpretable ML
properties, and the lack of incorporation of domain knowledge interpretations and analyses to create

a user-friendly ML system.
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In this thesis, I also focused on the development, applications, and interpretability of supervised and
unsupervised ML techniques to analyse practical problems in Biomedical sciences. I placed more
emphasis on answering the raised questions using the problem of a high-dimensional omics dataset,
with a particular emphasis on the identification of the genetic basis of illnesses such as complex

genetic interactions that drives COVID-19 severity susceptibility in patients.

To address the raised issue of model instability, in this thesis, I proposed the use of a stratified simple
random sampling cross-validation (CV) computational strategy employed to split the original
problem dataset into k-folds (i.e., each fold contained a training set and testing set). Until now, there
is no novelty-stratified k-fold cross-validation established strategy to split the problem dataset into
several k-fold before a supervised or unsupervised learning task rather it is implemented within the
learning algorithms employed as a hyper-parameter GridSearchCV tuning. The novelty introduced in
this thesis uses the stratified 4-fold CV splitting strategy by simply bundling the screening of genetic
variants before the application of the feature selection technique and ML-supervised classification

pipeline such that the results (model performance) are aggregated across the 4-fold.

Additionally, this thesis seeks to build a complex model such as an ensemble model with good
performance and interpretability properties (see Fig. 11). The several trained traditional ML
algorithms from each of the £-fold CV's were unified to develop an ensemble voting classifier model
for predictions and post-hoc explanations. Combining the most suitable trained classifier algorithms
across the k-fold CVs will help to develop a robust stable ML model (ensemble voting classifier) that
can outperform single classifier algorithms and enjoy the privilege of interpretability e.g., post-hoc

model explanations of an individual’s predictions using the SHAP explainer dashboard technique.
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Finally, the output from the trained traditional ML models such as the feature importance weighted
scores (e.g., gene lists, genetic variants) are further used for domain interpretations and analyses such
as the functional enrichment/pathway analyses and PheWAS disease traits association analysis to

build a user-friendly interpretable ML framework.

Proposed Integrated Interpretable Machine Learning
Framework for High Dimensional Multi-omics Dataset Problem

Domain level Analysis: gene/variants (C)
filtering via GWAS, SKAT, Log-odd Ratio - Feature selection phase: if one opt for removal of
( a) statistics [ Prior Domain Knowledge ] multicollinearity approach; features with higher absolute

(b) correlation coefficient above predefined thresholds are remove.

Target audience
[Learning objectives)

Problem, Data, & Stratified k-fold Cross-Validation splits ot .
, = problem dataset (80% train set & 20% testset) LAS50, Elastic Net, K-Best, in‘e;r;::l:zl\;ehr:;de's

Removal of Multi-corr.
(d)
- Here the proposed stratified k-fold cross-validation

lits sch i d with th iginal dataset.
splits scheme is performed with the original datase Feature Importance \terral validation
B inethe d inti . Aggregate feature importance 20% test sets from each k-fold
- Examine the descriptive accuracies p . e i
- Validate model - Investigate selected features from Perform unsupervised ML
performance with out-of- feature weight importance for causality o LS ERAE DL

) o
sample dataset (
Intrinsic explanation
External Validation of Train Ensemble voting Develop Ensemble voting Model Model classification metrics
Model Model from k-fold CV splits best models Visualizations e.g, heatmaps, Boxplots, etc.,

Post-hoc A"alvs is - Examine the predictive accuracies
- Aggregate predictive probabilities

[ More faithful & accurate ] from k-fold Cv splits
Research-oriented
explanation User-friendly
Explanations - Create dashboards, Feature importance,

(g) ’ [ Improve ML generalization ] SHAP, LIME explanations
[ Incorporate prior Domain Knowledge Interpretations ] - Visualization plots such as heatmaps, PDP

Figure 11: Proposed Interpretable ML framework in high dimensional omics dataset problem.

An overview of interpretable ML framework showing different stages to developing a mechanistic model from the high-
dimensional multi-omics dataset where interpretations and explainability are crucial. The introduction of cross-validation
splits before training will improve model stability and generalizability abilities and the post-hoc explanations will create
user-friendly explanations of complex ML models.

In Figure 10; (a) Phase (I) focuses on data collection, data integration, and data cleaning in
collaboration with data scientists and application domain experts. filtering of relevant genes/variants
using domain-level knowledge analyses such as SKAT-O, GWAS, Log-odds Ratio statistics, and p-
value thresholds (b) Phase (II) Implementation of simple stratified k-fold cross-validation (CV)
splitting scheme of the problem dataset (e.g., 80% training sets and 20% testing sets) into k-fold

partitions. (c) Phase (III) Performing feature selection (LASSO, Elastic Nets, K-Best, Removal of
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multicollinearity features) to filter relevant features, minimize model overfitting before downstream

analyses — supervised ML tasks, unsupervised ML tasks, and domain-level interpretation analyses.

In the supervised learning modeling phase, several traditional machine learning models
(Logistic Regression, SVM, Decision tree, Naive Bayes, Random Forest, XGBoost, etc.,) are utilized
for the classification or regression task. Feature importance is further aggregated from all the training
sets stratified k-fold CV splits and further explore for implications e.g., performing unsupervised ML
learning tasks such as PCA, clustering, UMAP, and domain-level analyses such as functional
enrichment/pathway analysis, disease-traits PheWAS analysis. (d) In phase (IV) each of the training
sets stratified k-fold CV splits are validated with the 20% testing sets (20% testing sets for internal

validation).

Intrinsic interpretations phase: descriptive classification metrics such as the accuracies, fl-scores,
precision, recall, Precision-Recall (PR) scores, prediction probabilities, etc are evaluated.
Visualization plots such as the AUC-ROC curve, PR-AUC curve, and boxplots are further explored.
(e) Phase (V) combines features by aggregating feature importance weighted scores from all the
trained ML algorithms implored for each of the stratified k-fold CVs, and using this to select the best
feature subsets (e.g., consistent features with non-zero weighted feature importance scores across the
stratified k-fold CVs), formulate a new training and test sets, retrained the ML algorithms using these
new features and aggregate the saved trained ML models to developed e.g. an ensemble voting
predictor model or adopt a deep neural network model. (f) phase (VI) focuses on the external
validation of the trained model. (g) Phase (VII) focuses on the post-hoc interpretations of the model’s
predictions on an unseen dataset. Here the aim is to incorporate domain knowledge and research-
oriented explanations to come up with a more faithful and accurate interpretation that is user-friendly

to improve on the ML generalization framework (predictive accuracy).
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Chapter

4

Materials and Methods

4.1 Chapter Motivation

The COVID-19 pandemic has become a global health crisis with severe consequences, especially for
vulnerable populations. Host genetics is a critical factor in determining disease susceptibility and
severity. Identifying genetic markers associated with disease severity could improve the prognosis of
patients, help clinicians predict patient outcomes, and guide treatment decisions. However, novel
state-of-the-art ML models like DNN are often considered “black boxes,” making it challenging to
interpret their results and understand the underlying mechanisms. An explainable host genetic
severity predictor model developed by putting together several traditional state-of-the-art ML models
could overcome this limitation and provide insights into the biological pathways and mechanisms
underlying disease severity in COVID-19 patients. By the stratification of the problem dataset,
integrating domain knowledge analyses, and using interpretable ML methods, we could identify
genetic markers associated with disease severity and explain their biological significance. Such an
integrated modeling framework could have practical implications for clinical decision-making. Also,
guiding the selection of appropriate treatment strategies and identifying patients who are at high risk
of severe disease outcomes. The work detailed in this chapter forms part of the published paper “An

explainable model of host genetic interactions linked to COVID-19 severity” (Onoja et al., [71]).
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4.2 Dataset and Pre-processing

We considered the Whole Exome Sequencing (WES) dataset of germline variants from 1982
European descent patients provided by the GEN-COVID Multicenter Study group [248]. All subjects
were classified according to the grading scheme by the World Health Organization (WHO) and
refined based on an ordinal logistic model using age as an input feature for sex-stratified patients
[246]. Demographic (sex, age, and ethnicity) and clinical data (family history, pre-existing chronic
conditions, and SARS-CoV-2-related symptoms) were also collected (Fig. 20; see Methods). The
grading classification contained the following categories: () = not hospitalized (a- or pauci-
symptomatic); 1 = hospitalized without respiratory support,; 2 = hospitalized O2 supplementation; 3
= hospitalized CPAP-biPAP; 4 = hospitalized intubated; 5 = dead. We considered patients from
more severe groups, i.e., 3, 4, and 5, as cases, and asymptomatic patients from group 0, as controls,
for a total of 1078 patients. We further refined the grading classification based on an ordinal logistic
model which uses age as an input feature for sex-stratified patients 16 and we retained only those
patients whose grading classification was concordant with the one adjusted by age. This yielded a
final set of 841 samples for downstream analysis and for the training of the model (i.e., training

cohort).

1) Training Cohort Dataset: This refers to the WES dataset and clinical covariates (age and
gender) of 2000 European descent patients initially supplied to us by the collaborator — GEN-
COVID Multicenter Study group. Note: the 2000 WES dataset was considered as the baseline
training dataset from which we used to develop the Host Genetic Severity Predictor (HGSP)

model.

84



2) Follow-up Cohort Dataset: The out-of-sample dataset used for external prediction provided
by the same GEN-COVID group to validate the developed HGSP model. We maintained the

same data preparation procedures used for the 2000 WES dataset.

Remarks: GEN-COVID multicenter group further carried out a follow-up and included additional
1000 patients (Follow-up Cohort Dataset) making 3000 patients in all. This resulted in some
overlapping and the reason for the exclusion of some samples belonging to grading 0, 3, 4, & 5. We
also carried out some checking on the dataset which resulted to exclusion of some samples in certain
grading scheme. For example, we excluded patients’ information whose severity grading was
classified as 1 & 2. This exclusion was done purposefully to minimize noise signals during the
filtering of genetic variants that are linked with the disease severity or protection in patients. We
further refined the grading classification based on an ordinal logistic model which uses age as an
input feature for sex-stratified patients [19]. We trained only those patients whose grading
classification was concordant with the one adjusted by age (see Fig. 12 showing the Grading scheme

used).

Table 3: Patients’ COVID-19 severity grading

Grading
Category
number Description
5 Dead
4 Hospitalized intubated
3 Hospitalized CPAP-biPAP
2 Hospitalized 02 supplementation

Hospitalized without respiratory
support

Not hospitalized

(a- or pauci-symptomatic)

E5E4 w3 m0

M Male ®Female Gender

249

170

Grade 0 Grade 5+3+4

® Male ™ Female

Figure 12: patients’ COVID-19 severity susceptibility grading, and classification schema based on gender
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The outcome variable grouping was gotten by refining the 0 — 5 scale grading system of the patient's
severity classification into a binary system. That is, a case-control approach was implemented by
considering only patients' phenotype information classified as grades 3, 4, and 3 were combined to
form group / versus patients from group (. Groups / and 2 however, were not considered. This
refined information was used to split the phenotype information into simple stratified k-fold CVs
(each of the k-fold contains an 80% training set and 20% testing set). We choose k£ = 5 thereby
splitting the patients’ information into simple stratified 5-fold CVs. The clinical covariates considered

were patients’ age and gender.

4.2.1 Simple Stratified K-fold CVs split of sample cohort into training and testing
sets

In order to achieve the first objective of my PhD thesis, I employed a simple stratified k-fold CVs

technique to split the problem dataset into k-fold. Stratified k-fold CV is particularly useful for

datasets that are imbalanced, meaning that one or more classes are represented by a small number of

instances. However, the standard k-fold CVs may yield biased results, as a particular class may end

up being completely absent from the test set of one or more folds. By stratifying the folds, I ensure

that each class is represented in roughly the same proportion across all folds.

We embedded a strategy for variant screening into a simple stratified 5-fold cross-validation scheme
(see Fig. 9) to generate 5 random stratified k-fold CVs training and testing sets split from the original
dataset. Each fold was constituted by a training set, corresponding to 80% of the dataset, which was
also employed for variant screening and the remaining 20% for the testing set. The variants in the test
set were curated from the variants screened in the training set. Through the stratified 5-fold approach,

we made sure that all the samples of the dataset were employed for testing. Figure 13 illustrates the
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splitting computation strategy that was incorporated into the WES variant screening process,

specifically during the creation of the feature matrix from the filtered significant variants.

Phenotype Information WES variants screening Filter Sig. variants Feature Matrix
R e L L T R R R 1 3.2K
! (variants) TrainFold1 -5
o 1 o o~
£ £ . £ I ~7
o8B ! 0 [
B = i 5 I
S o ! o [ i
S 1.057M P e
o . . 3 Sample ID Feature (Allele counts) Age Gender Class
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= 'E‘ | & Patient 3 01101102101102 & 1 1
§_ B ; & Patient 7 10111101101100 72 1 1
. “ 35 SampleID Feature (Allele counts) ; 2
| SemplelD | Age [ der Patient 1 00121100100101 ; 2 ‘ : : o :
R 79 Male Patient 3 01101102101102 | E Patient 671 01120110100111 79 1] 1]
I g T Patient 7 10111101101100 | 2 Each training fold CV contain 80% splits of screened variants.
c ! H
g »
. — — - 1 — = ! ]
COV34662 emale  asymptomatic .E . . | 'g
Covariates (Age and Gender). 3 Patient 841 01120110100111 ! o TestFold1-5
3 ! - | [ .
< ! [ =
1 [
1 Sample ID Feature (Allele counts) Age Gender Class
o . Patient 2 10101100100201 78 © 1
Key o ! Patient 4 01101110101102 93 O 1}
w0 = 1 Patient 5 10121101101101 82 1 1
Class c g i
Severe =1 ‘T wn ; - -
Asymptomatic = 0 [T} . s ;
[T =] | Patient 168 00110110100211 69 1 1
Gender 50 .
Male =0 v b ! Each testing fold CV contain 20% splits of unscreened variants
Female=1 3 1 curated from identified screened variants of corresponding
—_- | training fold CVs.

Figure 13: computational splitting strategy of patients” WES variants into k-fold CVs splits and filtering.

However, only the stratification alone will not resolve the issues relating to model instability.
Therefore, we further employ the use of feature selection techniques such as LASSO, ElasticNet, or
SelectKBest, and ensemble voting of performance across the stratified k-fold CVs to mitigate the
effects from multicollinearity, curse of dimensionality, data redundance, and model overfitting (see

Fig. 9 for details on problem stratification).
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4.2.2 Variant screening

We employed Odds Ratio (OR) statistics and p-values cut-offs to perform case-control association

and to screen variant traits associated with the risk of either severe or asymptomatic patients in each

of the training sets for each of the stratified 5-folds generated.

Table 4: showing patients’ case-control grouping stratification

Alt A B

Ref C

D

(“/s)
(/)

ORyyc =

Where the standard error of log (OR4;¢) is given as:

SE(log (OR4)) = JI/A + 1/3 + 1/(,‘ + 1/D

The significance of log (OR,;;) and confidence intervals is given as:

7 — score = 108 (ORa

log (OR) * Zay, x SE(log (OR¢))

Zay, is the Z-value defining the confidence limits.
p-value =2 X cdf (— |Za'/2|)
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The GATK best-practices standards were used to define the variant calling pipeline for the study. The
contingency table was used to measure the enrichment of reference (Ref) or alternative (A/t) alleles
in either severe or control groups were defined by employing an additive model, whereby
homozygous genotype (1/1) has twice the risk (or protection) of the heterozygous type (0/1 or 1/0).
We employed the Table2 X2 function from the statsmodels library to calculate ORs and subsequently
the logarithm of the OR (LORs) values and associated p-values and confidence intervals from the
contingency table, respectively employing the functions log oddsratio, log oddsratio_pvalue() and
log oddsratio _confint(). We filtered variants with the following characteristics: p — value < 0.05
and |LOR| = 1. Variants with LOR > 1 are enriched among severe, while those with LOR < -1 are

enriched among asymptomatic.

4.2.3  Feature Matrix Generation

For each split, we generated a feature matrix for the training set by assigning the allele counts of each
screened variant for each sample of the training: i.e., 0 for genotype 0/0, I for genotype 1/0 or 0/1, 2
for genotype 1/1. The feature matrix for the test set was defined by considering only variants
identified as significant after screening the training set of the corresponding split and by assigning
the allele count of each sample of the test set. We also included as additional features age, which was
normalized, and gender, which was binarized by setting males to 0 and females to 1. Severe patients
from group “3+4+5” were given the classification label “/”, and the asymptomatic patients from

group 0 were given the label “0”.
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4.2.4  Feature Selection: Removal of Multicollinearity

We employed feature selection techniques to further reduce the number of considered features
initially screened through the Log-Odds-Ratio statistics [249] [250]. We tried several approaches,
including Lasso, ElasticNet, and Multicollinearity, in combination with supervised training
approaches (see Fig. 21) [251]. In the context of this study, the term multicollinearity implies the
existence of a high degree of correlation among the independent variables that constitute the feature
space. The use of correlation matrix plot visualization heatmap and correlation coefficient absolute

values were used as criteria for detecting highly correlated features.

After training several classifiers with the variants selected with each of these methods on a smaller
cohort of the training samples (data not shown), we found that removing multicollinearity from
features by considering variant allele counts with correlation coefficients corr < |0.80| gave the
best results. The features that were screened and showed minimal impact from multicollinearity were
used to form the final 80% of the training sets in each fold. The remaining 20% of the data, the
corresponding validation sets, were used to test the performance of the trained machine learning

models.
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4.2.5 Handling of the Imbalanced Class Distribution Problem

One of the major challenges we were confronted with during this study was the issue of the
imbalanced class distribution problem. The outcome variable — grouping was binarized as severe and
asymptomatic cases (the severe group was patients that were clinically classified as belonging to

grades 5, 4, and 3 while the asymptomatic group was patients classified as grade 0).

This resulted in an imbalanced class distribution problem because the severe cases (positive class
instances) outnumbered the asymptomatic cases (negative class instances). To deal with this issue,
we resolved to set the class weight in all the trained ML algorithms used for this study to be
“balanced”. More so, the simple stratification into k-fold CVs we implored to split the original
problem dataset was also targeted at helping us to overcome this problem as each stratum preserved
the original class distribution structure in both the training and the testing sets. We further explore
other options such as the Synthetic Minority Oversampling Technique (SMOTE) and oversampling
of the minority class before settling for the best choice that befits our problem. However, including
the class distribution penalty directly in the class weight of each of the algorithms we implored yielded

the best results while training our models.
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4.3 Supervised Binary Classification

We trained supervised learning models for binary classification tasks by employing several
algorithms, i.e., Support Vector Machine, Logistic Regression, Random Forest, and Extreme Gradient

Boosting classifiers.

4.3.1 Support Vector Classifier (SVC)

This is a popular traditional machine learning method that classifies data points utilizing the concept
of hyper-plan and kernel tricks to find fits that best separate the data cloud. In this study, we used the
popular Jupyter notebook and scikit-learn python package to import the “sklearn.svm” SVC classifier
model. We first set the SVC default regularization parameter “C” to 1, and the class weight to
“balanced” to account for imbalanced classification problems in the dataset.

The default linear kernel was used first with the prediction probability set to true. The GridSearchCV
parameters we explored for the SVC classifier in training the dataset feature matrices across the
stratified 5-fold were:

GridSearchCV(cv=cv, estimator=SVC(class weight="balanced'), param_ grid=[{'C': [1, 10, 100, 1000],
kernel': [linear']}, {'C": [1, 10, 100, 1000], 'gamma’: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9], 'kernel": ['rbf]
{'C: [1, 10, 100, 1000], 'degree'’: [2, 3, 4], 'gamma’: [0.01, 0.02, 0.03, 0.04, 0.05], ‘'kernel': ['poly']}],
scoring=make_scorer(accuracy score)).  where c¢v = RepeatedKFold(n_splits=10, n_repeats=3,
random_state=1).

The best GridSearchCV parameter values that were used to train our dataset were identified as {'C":
1, 'kernel’: 'linear'}). Thus, the best estimator for the SVC classifier model we subsequently used to

retrain the dataset after GridSearchCV was SVC(C=1, class weight="balanced’, kernel="linear’).
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4.3.2  Logistic Regression Classifier

This is a binary classification regression model that uses the logistic function to estimate the
parameters of the logistic model. We import from the scikit-learn package the
“sklearn.linear_model” the Logistic Regression model function. We first set the default logistic
model classifier parameters; “class weight = balanced”, C = (0.3 and solver = sag. The
GridSearchCV parameters we explored for the Logistic Regression classifier in training the dataset

feature matrices across the stratified 5-fold were:

GridSearchCV(cv=cv,estimator=LogisticRegression(class_weight="balanced',random_state=42,
solver="newton-cg'), n_jobs=-1, param_grid=[{'C'": [0.3, 0.5, 0.7, 1], 'penalty’: ['I2'], 'solver': ['newton-cg’,
'Ibfgs’, ‘'sag'l}, {'C': [0.3, 0.5, 0.7, 1], 'penalty’: [1l') '12'], ‘solver': ['liblinear', 'saga'l}],
scoring=make_scorer(accuracy_score)).

The best GridSearchCV parameter values that were used to train our dataset were identified as {'C":
0.3, 'penalty’: 12", 'solver': 'saga'}.

Thus, the best estimator for Logistic Regression classifier we subsequently used to retrain the
dataset after GridSearchCV was LogisticRegression(C=0.3,class_weight="balanced’, random_state=42,

solver='saga’).
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4.3.3 Random Forest Classifier

This is an ensemble learning method that employs a bagging strategy. Multiple decision trees are
trained using the same learning algorithm, and then predictions are aggregated from the individual
decision tree. From the “sklearn.ensemble” library, we import the Random Forest Classifier function.
The RF default model parameters use a class weight set to “balanced”, maximum depth (max_depth)
of the decision trees was set to 80, the number of features (max_features) was set to 2, minimum
samples (min_samples_leaf) leaf of 3, minimum samples split (min_samples split) of 10, and the
number of trees (n_estimators) in the forest was set to 300. We investigated the best model parameters
via the GridSearchCV for the Random Forest classifier while training the feature matrices of the

dataset using a stratified 5-fold approach. The parameters explored were:

GridSearchCV(cv=cv, estimator=RandomForestClassifier(class weight="balanced'), n_jobs=-1,
param_grid={"bootstrap': [True], 'max_depth': [80, 90, 100, 110], 'max_features': [2, 3],
'min_samples leaf’: [3, 4, 5], 'min_samples split': [8, 10, 12], 'n_estimators': [50, 100, 300]},
scoring=make_scorer(accuracy score)).

The best GridSearchCV parameter values that were used to train our dataset were identified as
{'bootstrap': True, 'max_depth': 100, 'max_features': 2, 'min_samples leaf': 3, 'min_samples split':
10, 'n_estimators': 300}. The best estimator for Random Forest classifier we subsequently used to
retrain the dataset after GridSearchCV was RandomForestClassifier(class weight="'balanced’,

max_depth=100, max_features=2, min_samples leaf=3, min_samples split=10, n_estimators=300).
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4.3.4 Extreme Gradient Boosted Trees classifier (XGBoost)

This is an ensemble learning classifier family that utilizes boosting strategy to combine a set of weak
learners and delivers improved prediction accuracy. We import from the XGBoost package
“xgboost” library and the xgboost function. We defined the data matrix (training feature set and
classification label). We set the default XGBoost classifier model parameters class weight to

“balanced”, and the learning objective to “binary logistic”.

params_xgboost = {'max_depth': range (2, 10, 1), 'n_estimators': range(60, 220, 40), 'learning rate': [0.1,

0.01, 0.05] ).

GridSearchCV(estimator=xgboost, param_grid=params xgboost, n_jobs=10, cv = cv, verbose=True,

scoring=make_scorer(accuracy _score)).

The best GridSearchCV estimator parameters value we used to train the dataset were

{ “learning rate” = 0.01, “max_depth” = 3, “n_estimators” = 140)}.

This study considered the use of four traditional machine learning models, for each of the four ML
models, we performed a parameter optimization through grid search (GridSearchCV), using the
accuracy _score during grid search as the scoring metrics. We performed a 5-fold cross-validation,
by splitting 80% for training and 20% for validation in each fold, repeated three times, using the
StratifiedKFold function with n_splits = 5 and n_repeats = 3. We also set the class weight parameter
to “‘balanced" in each of the ML algorithms employed. Both model training and hyperparameters
optimization was done with a Python Jupyter notebook interactive web-based development
environment using the scikit-learn and the xgboost packages. Model performances on the testing set
were evaluated through the following metrics: Accuracy, F1, Precision, Recall, Matthew correlation

coefficient (MCC), and ROC-AUC.
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A consensus voting approach was used to aggregate validation prediction probability scores of the
four ML algorithms (SVC, Logistic Regression, Random Forest, and XGBoost classifiers) from each
of the (20%) testing sets from each fold by considering the median of the probability distribution
collected from the ensemble of models. The features (variants) that received non-zero weight during
training of the supervised ML methods (Random Forest and XGBoost classifiers) in each fold were
combined across the 5-fold for further interpretation. We performed a randomization test (i.e.,
Salzberg’s test) to assess over-fitting [252], where we replace the original phenotypic labels of the
training matrix with randomly assigned labels while preserving the ratio of the number of positive

(severe) and negative (asymptomatic) patients.

4.3.5 Feature Importance Scores

The feature importance gives weight scores to each feature that contributes to predicting a specific
event in the model. Feature importance for Random Forest and XGBoost models was calculated as
the mean decrease in impurity for the feature using the feature importance function from xgboost.
The feature importance (weights) scores assigned from these models’ predictions were aggregated

across the 5-folds to generate a non-zero panel of variants for further downstream analysis.

In Figure 14, the visual abstract of the methodological workflow employed is displayed. The figure

show interpretability from a new lens, combining ML and domain knowledge of Bioinformatics.
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Figure 14: Pictorial representation of study methodological workflow

Highlights: (a) Stratified k-fold (80% training & 20% testing sets); (b) Screening significant variants (log-odds ratio
cut-off & p-value); (c) feature selection (removal of multicollinearity) (d) Machine Learning strategies; (¢) aggregate
results from each model and development of ensemble voting host genetic COVID-19 severity predictor model; (f) variant
interpretation: PCA, Clustering, pathway enrichment analysis; (g) final testing on external dataset; (h) disease-traits

association studies (PheWAS).
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4.4 Ensemble Model Development

We developed an ensemble model by training decision tree-like models (Random Forest and
XGBoost classifiers) [253] from each of the 5-Fold CV splitting 80% training sets in the training
cohort dataset. First, we created stratified 5-fold CVs samples from the original problem dataset so
that each new fold sample in the validation sets are completely agnostic of another sample in another
fold as drawn from the original dataset (true distribution). We hence fit weak learners (decision-tree-
like models) for each of the samples and finally aggregate them using their prediction probabilities.
Finally, we saved each of the weak learners and combined them via bagging to form the ensemble

voting host COVID-19 genetic severity predictor model with less variance.

Assume that we have stratified k-fold CVs splits samples (approximations of k-independent datasets)

of size M.
{si,s3, ...} {2, 53, ., sEY, o, {sK, %, sk} (7)
Where s}, = k-th observation of the | —th stratified k-fold CV sample.

We proceed to fit the decision-tree-like weak classifier learner models independently of each other

on each of the stratified k-fold CVs datasets.

f1C) 200 fie () (8)

Then aggregate the classifiers using averaging process to get an ensemble voting model with a lower

variance.

C.() = arg max[card(l|f,(.) = k)] €)

(Simple majority voting of the classifier).
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The ensemble model was saved using the “joblib” python command. The ensemble model utilizes
the “VotingClassifier” scheme from the “sklearn.ensemble’ python library module to aggregate the
individual classifiers based on their median prediction probabilities (soft margin) and mode grouping
(0 or 1 for hard margin) across the 5-Fold CV splits. The pictorial representation of the ensemble
approach used to develop the final Host Genetic Severity Predictor (HGSP) model is illustrated below

(see Fig. 15).
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Figure 15: Ensemble model (HGSP) development
This study uses a bagging approach to combine only decision-tree-based models (Random Forest and XGBoost
classifiers).

The prediction output can be a class (0 -asymptomatic or 1-severe) — hard voting or probabilities (soft
voting). The hard voting approach returns the class that receives most of the votes by the ensemble
model. The soft voting, however, returns the probabilities of each class as determined by the weak
learner models that formed the ensemble model. These probabilities are then averaged out or voted

by a simple weighted sum approach and keep the class that receives the highest average probability.
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4.5  Final testing on a follow-up cohort

We tested the best-performing models trained using the most supported variants with and without
covariates on a follow-up cohort of sequenced, Italian patients. An initial set of 8§38 samples
corresponding to grading groups 0, 3, 4 and 5 were refined by applying the same ordered logistic
regression classification adjusted by age, which yielded a final set of 6/8 individuals (/22
asymptomatic, 496 severe). The adjusted-by-age grading classification scheme refers to a refinement
made on the grading classification based on an ordinal logistic model which uses age as an input
feature for sex-stratified patients. while the unadjusted-by-age grading classification scheme was not

refined.

We generated an additional testing test by considering all the samples that were previously excluded
due to inconsistency between the original WHO grading classification and the one outputted by an
ordinal logistic regression adjusted by the age classifier [19]. In detail, in the original cohort that we
used for training the model, there were 237 samples from either asymptomatic (grading 0) or severe
(grading 3 +4 + 5) patients that were excluded due to classification inconsistencies, while in the
follow-up cohort used for final testing of the model, 220 more individuals were excluded according
to the same criteria. After removing patients with missing values, we obtained an aggregated list of
375 unique patients. We curated the allele counts of the /6 most informative variants, identified in
the first stage of the analysis and model training, from this new set of patients and we used them,
together with age and gender, as features for the testing. We evaluated the performances of the
ensemble of the 20 models both on an individual as well as on an aggregated level, by calculating
aggregated metrics obtained from the median of the probability distribution outputted by the ensemble

of the 20 models on the testing samples.
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Figure 16 displays the demographic summary of patients in the follow-up whole-exome sequencing

(WES) dataset utilizing the adjusted-by-age grading classification scheme.
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Figure 16: Patient phenotype information (adjusted-by-age grading scheme) in the follow-up dataset
We employed a four-scenario approach to validate the HGSP model using the out-of-sample dataset. The baseline
scenario was mainly focused on validating the model using the adjusted-by-age grading classification scheme
feature matrix.

4.6  Unsupervised Machine Learning Approach

The unsupervised machine learning techniques utilize machine learning algorithms to analyze
unlabeled datasets for a particular domain problem in finding natural grouping (clusters). These ML
techniques are employed to discover hidden patterns or natural groupings without the need for human
intervention. Unsupervised ML techniques can discover similarities and differences in information
making it the best approach for data exploratory analysis, cross-selling strategies, patient

segmentation analyses, and image recognition.
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The unsupervised ML approach focuses on exploring three main tasks — clustering, association, and
dimensionality reduction. Examples of unsupervised ML techniques include clustering (K-means
clustering, Hierarchical clustering, probabilistic clustering, and association rule), and dimensionality

reduction techniques (PCA, t-SNE, and UMAP).

4.6.1 Principal component analysis (PCA) and clustering

The variants with non-zero weights from best-performing tree-based models were remapped back
into the feature space to form a new feature count matrix covering 100% of the samples (i.e., 841
individuals). This reduced feature matrix was analysed using Principal Component Analysis (PCA)
techniques to reduce the dimensional space. In order for us to do this, we utilized the
“sklearn.decomposition” library to import the PCA function. We standardized the feature count
matrix using the “sklearn.preprocessing” library to import the Standard Scaler function. We
transformed the normal feature count matrix considering the 1st and 2" PCA components. We further
employ the K-means clustering technique (using the “sklearn.cluster’ library to import the
“KMeans” function) to visualize and cluster the 2D PCA components (1% and 2" dimensions). We
set the default cluster size to 3, the maximum iteration (max_iter=1000), and a tolerance value (tol =
1E—04). Clusters of patients that express interesting severity patterns were further analysed using the

pathway enrichment for biological interpretations and implications.
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4.6.2 Retrieving associations between variants and disease traits or phenotypes

We retrieved associations among the variants identified in our study and disease traits or phenotypes
through the Open Targets Genetics platform [235]. We interrogated the database using the GraphQL
query language embedded in a python script and by inputting the variant coordinates (given by
chromosome nr, position, Ref, and Alt allele). For each PheWAS association, the data retrieved
included: eaf, beta, se, nTotal, nCases, oddsRatio, studyld, and pval. Only PheWAS
with oddsRatio > 1 and pval <0.001 were considered. The statistics were done only for the variants

with non-zero feature importance from XGBoost models.

4.7 Post-Hoc Model Agnostic Explanations: ExplainerDashboard

Approach

This is an open-source python package [70], [254] makes it convenient to quickly deploy a dashboard
web app that explains the inner workings of a (scikit-learn compatible) machine learning model. The
dashboard offers interactive visualizations of model performance, including SHAP feature
importance, the impact of individual features on predictions, "what if"" analysis, partial dependence
plots, feature importance, SHAP (interaction) values, and visual representations of individual

decision trees, among others.
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4.7.1 ExplainerDashboard SHAP Feature Importance

The “ExplainerDashboard” python library has an inherent feature importance criterion built into the
explainer model [70], [254], [223]. This helps to calculate a score for all the /6 fully supported
variants and covariates (age and gender) input features and is displayed as bar plots. In this context,
it means the scores that represent the “importance” of each feature. A higher score means that the
specific feature has a larger effect on the model that is being used to predict COVID-19 genetic
severity. In this study, we further investigate the output from the SHAP feature importance of the
explainer dashboard by visualizing it via heatmap, principal component analysis, and K-means

clustering. The design methodology used to generate post-hoc explanations for the COVID-19 HGSP

model using the ExplainerDashboard Python library framework is illustrated in Figure 17.
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We first load the saved ensemble model developed by training fully supported variants and covariates (age and gender)
identified from a simple stratified 5-fold CV splitting strategy adopted from the training cohort dataset. We proceeded to
clean the follow-up dataset and identified the 16 fully supported variants and covariates. Our method utilized the
ensemble model and ExplainerDashboard python library to first make an external prediction with the follow-up dataset
and secondly, to provide an explanation of the model's performance at an individualistic level. The ensemble model we
used was gotten from trained decision tree-like model (Random Forest and XGBoost) classifiers. More details about the
model and our splitting strategy are provided in [71].
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4.7.2  Host Genetic Severity Predictor COVID-19 Model Deployment

The gene product developed at the end of this study was a customized interactive dashboard for the
voting ensemble host genetic severity predictor (HGSP) model using the genetic variants identified
from the supervised ML task together with clinical covariates (age and gender).

The HGSP deployed web app predicts patients’ COVID-19 severity using 18 features (16 fully
supported variants and 2 covariates) are the input features (age, gender, ZBED3(rs531117283),
PLEC(rs140300753), TRIM72(), HDGFL2(rs146793578), SECISBP2L(rs75595801),
CEPI131(rs2659015), GOLGAG6L3(rs367838829), PCSKS5(rs72745135), GFMI(rs370496368),
ZBTB3(rs544641), BMSIP1;FRMPD2B(), SPATAG6(rs77303590), CNTFR(), MIR933(rs79402775),
ZRANB3(rs1465146591), LOC100996720()).

The output (target) variable is COVID-19 severity (a binarized outcome variable with severe patients
coded as 1 and asymptomatic patients coded as 0). The HGSP itself is an ensemble predictor model
saved from the meta-analysis combinations of decision tree-based models (Random Forest and
XGBoost classifiers trained across the 5-fold CV splits). We performed external model validation on
a follow-up cohort WES dataset. We further explore various post-hoc model explanations to shed
light on the complex genetic interactions that might interplay with the severity outcome of the
COVID-19 disease in the patients. The deployed HGSP web app model uses the
“ExplainerDashboard” python library as its main visualization tool for post-hoc model explanations
with the incorporation of disease-traits associations (PheWAS) for potential identifications of the

genetic determinants of COVID-19 clinical trajectories.
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4.8  Domain-level Interpretation Analyses

To further foster a human interpretation of our model and build a user-friendly system, we carried out
some domain knowledge analyses — functional enrichment/pathway analysis, SKAT variants filtering
[176], and phenome-wide association studies analysis considering the variants with non-zero weights
from the best-performing tree-based models. For example, I linked the genetic variants used to
validate the HGSP model and ExplainerDashboard with the OpenTarget genetics and Enrichr
bioinformatic web-based tools. The PheWAS results from OpenTarget genetics are presented in
supplementary table 8 while Figure 44 presented a snapshot interface of the Enrichr results for the

top 15 genetic variants.

4.8.1 Pathway enrichment analysis

The pathway enrichment analysis was done using the ReactomeFIViz plugin [219], [220], [223],
[224] available in Cytoscape [228], [256]. The genes corresponding to variants with non-zero feature
importance from XGBoost were used to construct a Functional Interaction (FI) network. The general
FI network comprised all the genes affected by variants with non-zero feature importance in both
patient groups. Node diameter is proportional to the number of variants with non-zero coefficients in
any tree-based model. Node colour is instead proportional to the LOR with the highest absolute value
among the variants associated with a given gene. Modules within the network were identified through

spectral partition clustering [217].
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Reactome pathways over-representation analysis (FDR<(.1) was calculated on either the whole
network or for each individual module. We also generated group-specific networks by keeping
separated genes with variants enriched in severity from those enriched in asymptomatic and

performed pathway over-representation analysis (FDR < (0.1) on the distinct networks.

4.8.2 Sequence Kernel Association Test Analysis

Sequence kernel association test (SKAT) is a statistical method used for variant screening that can be
an alternative to GWAS and OR statistics. SKAT evaluates the association between a set of genetic
variants and a phenotype of interest. It uses a kernel-based approach to calculate the genetic similarity
between individuals based on the variants they carry. This method can be useful for analyzing rare
variants that are not well-represented in GWAS [212]. In the context of Whole Exome Sequencing
data from European patients, SKAT can be used to identify rare genetic variants that may contribute

to the development or severity of a disease.

In the context of the follow-up cohort WES dataset of the patients, we employed the SKAT method
to identify rare genetic variants that may contribute to the development or severity of COVID-19.
The identity by descent (IBD) approach of European versus non-European ancestry was calculated
using the PLINK software toolset, as described by Purcell et al. [257]. Related individuals with
PIHAT > 0.25 were identified and removed from the dataset. Principal component analysis (PCA)
was performed using PLINK on variants with minor allele frequency (MAF) > 1% and not in linkage
disequilibrium (LD < 0.2) to identify individuals with non-European ancestry and estimate population
substructures. The final dataset included 2,664 patients and used the same COVID-19 severity

grading classification scheme and clinical covariates (age and gender) as stated in the method section.
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4.8.3  Statistical Analyses

The SKAT analysis was performed using the SKAT package in the R environment [258]. We first
concatenate the variant common file (vcf) files via BCFTOOLSs and obtained a joint zipped file. This
was converted to obtain a binary format file using the PLINK version 1.9 open software package
[257]. We performed PCA by calculating 20 principal components. The first 4 PCs were then selected
and used for the SKAT modeling analysis. We then proceed to create a null model by considering the
severity phenotype (grading from 0 to 5) as a linear variable and with age, sex, and PCs as covariates.
To test the combined effect of both common and rare variants on the COVD-19 severity phenotype,
the “SKAT CommonRare.SSD.All()” function was used. SKAT analysis was carried out in the
European subset (n=2,664; with the first three PCs, as covariates). For each statistically significant
gene set identified by SKAT, we extracted the analysed variants, and we used them in a linear
regression model with the severity phenotype and age, sex and first four PCs as covariates, using
PLINK software. Both for SKAT and linear regression, to adjust for multiple testing, the false
discovery rate (FDR) was calculated using the Benjamini-Hochberg method [259] and an FDR <0.05
was set as the significance threshold. The function manhattan of the qgman package in R was used to

draw the Manhattan plot.
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Chapter

Results

6.1 Chapter Motivation

The motivation behind this chapter is my desire to provide a better understanding of the genetic
factors that contribute to the severity of COVID-19 and to develop an explainable model (HGSP) that
can predict the severity of COVID-19 disease based on host genetic information. The work detailed
in this chapter forms part of “An explainable model of host genetic interactions linked to COVID-19

severity” Onoja et al. [71] and as such, parts of this chapter are adapted from this paper.

With the implementation of a novel computational strategy to optimize the handling of omics datasets,
the stability of current-state-of-the-art interpretable ML techniques has been enhanced. Moving
forward, the focus of the remaining research in the PhD program is centered on developing an
explainable host genetic severity predictor model that exhibit strong performance and possess
interpretable properties that are widely applicable. Additionally, the goal is to incorporate domain-
specific knowledge in the analysis and interpretation of the results obtained from the HGSP model to

provide valuable insights for experts in the field of Biomedicine.
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6.2 Introduction

There is still a lot we are yet to unravel when it comes to the severity manifested by different SARS-
CoV-2 patients for example, why are certain patients even though not advanced in age and with no
comorbidity susceptible severity to the disease while others are not? However, some of the gaps in
our knowledge of the virus can be uncovered by scientific research employing novel approaches to
Machine learning and domain knowledge. In this chapter, we presented the results of analyses
employing supervised, and unsupervised ML approaches and domain knowledge interpretation
analyses to the study of the WES genetic cohort dataset and clinical covariates of European descent

SARS-CoV-2 positive patients.

6.3 Pre-processing

6.3.1 Data Cleaning

We begin the analysis by considering a total of 7.057M simple genetic variants which were screened
to identify mutations associated with severe patients, likely representing risk factors, from those
associated with asymptomatic patients, more likely contributing to protection. We used the patients’
clinical phenotype information to group them into severe and asymptomatic (see Methods for in-
depth details) patients. The patients belonging to clinical groups 3, 4, and 3 were considered as severe
against the asymptomatic ones which were patients belonging to group 0 (also considered as controls).
We further refined the grading classification by retaining only those patients with severity grades
matching the prediction from an ordered logistic regression model using age as an input feature for
sex-stratified patients (see Methods), yielding a total of 8§47 samples (578 severe, 323 asymptomatic;

see Fig. 12).
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We implored the use of the log odds ratio statistical approach, utilizing an additive model, to screen

variants significantly associated with either severe or asymptomatic groups (see Methods).

6.3.2 Data Integration

The screening of the significant variants associated with severe and asymptomatic patients was done
for each of the stratified k-fold CV splits. This was used to generate the feature matrices for the
training sets (see methods for details). The feature matrices for the test sets were defined by
considering only variants identified as significant after screening the training set of the corresponding
split and by assigning the allele count of each sample of the test set. We integrate the clinical features

of age and gender as covariates in the feature matrices.

6.3.3 Data Transformation

The genetic variants' allele frequency counts that formed the feature matrices range from 0 — 2. This
was different from the covariates' age (years) of the patients integrated into the feature matrices.
Therefore, we transformed the gender by recoding “Male” to 0 and “Female” to / and normalizing

the age variable.

6.3.4 Data Reduction

To further mitigate the effects of the curse of dimensionality and sparsity, we carried out feature
selection to filter our irrelevant features before the downstream analyses. We explore various feature

selection techniques (LASSO, K-selected Best, ElasticNet, and Correlation filtering techniques).

111



We opted for the best approach via filtering the correlation coefficient of multicollinearity features
(corr = |0.80]). Moreso, other data reductions such as the PCA, and UMAP clustering unsupervised
machine learning techniques were explored but in the context of knowledge discovering and

consolidating the results from supervised machine learning techniques.

6.3.5 Data Wrangling

We employed descriptive statistics such as mean, median, minimum, maximum, and descriptive
statistics plots such as bar charts, pie charts, staggered bar charts, volcano plots, scattered plots, and
line graphs to further visualize trends and effectively communicate our findings to the targeted

audience.

For the downstream analyses, we performed supervised machine learning exploring four traditional
machine learning algorithms (Support vector classifier, Logistic regression classifier, Random Forest
classifier, and XGBoost classifier). Feature importance from the trained ML algorithms were merged
across the 5-fold CVs. Features with non-zero weighted importance consistent across the 5-fold CVs
were retained and used to retrain the preselected ML algorithms. The stable decision tree models
(Random Forest and XGBoost classifiers) trained across the simple stratified 5-fold CVs were
combined to develop an ensemble voting Host genetic COVID-19 severity prediction model. The
ensemble model was further retrained based on the features with non-zero weighted importance

consistent across the 5-fold CVs.

External predictions were done using a new dataset from the 3000 cohort. Furthermore, we performed
model post-hoc interpretations and explanations using the explainer dashboard open-source python
library [70], [254]. The distribution of class ratio in each of the training and testing sets of stratified

5-fold CVs is illustrated in Figure 18.
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Figure 18: Class ratio distribution in training and testing sets
The classification ratio in each stratified 5-fold CVs split of the original phenotype dataset. The stratification preserved
the original class distribution in both the training and testing sets in each of the stratified 5-fold CVs.

Once we screened the significant variants in each of the training sets, we remapped them to the
corresponding test fold. Figure 19 displays the volcano plots that represent the significant variants in
each of the stratified 5-fold CVs, both upward and downward. Figure 20 displayed the number of

significant variants identified in each of the stratified 5-fold.
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Figure 19: Volcano plots displayed genetic variants distributions across the stratified 5-fold CVs

The volcano plot is a type of scatter plot visualization that we used to identify changes in the 1.057M extracted genetic
variants in each of the stratified 5-fold CVs. The volcano plots were constructed by plotting the negative logarithm of the
p-value on the y-axis and the logarithm of the fold change on the x-axis. Also, the genetic variants with low p-values

(highly significant) appear toward the top of the plots coloured red for significantly upward and coloured blue for
significantly downward, and coloured ash when below the threshold p-value.
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Figure 20: Filtered variants (as displayed by the volcano plots) distributions in each of the stratified 5-fold.

These significant variants filtered for each of the A-fold CVs were used to formulate the feature
matrices (training set and testing set) for each of the 5-fold CVs. Note: Only the training sets in each

of the 5-fold CVs were screened, the testing sets were constructed (remapped for the allele frequency
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w Filtered variants after feature selection
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counts) based on the identified filtered variants from their corresponding training sets.

Table 5: Common variant distributions among stratified k-fold CVs

Fold Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 1463 494 494 502 508
Fold 2 494 1293 501 497 479
Fold 3 494 501 1282 478 502
Fold 4 502 497 478 1353 486
Fold 5 508 479 502 486 1270

Table 6: Most common variants among stratified k-fold CVs

Fold1Vs2Vs3

Fold1Vs2Vs3Vs4

Fold1Vs2Vs3Vs4Vs5

300

202

158

Vs = variant intersection
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We intersect the significant filtered variants from each of the k-fold CVs to further understand the
relationships that exist between the variants present in each fold such as common variants and absent

in a fold.

6.4 A Four-Stage Supervised ML Approach for Developing HGSP

Model

The Supervised Machine Learning results were presented in four stages: the first stage was the
analyses of the stratified 5-fold CVs feature matrices (all variants with covariates, without covariates,
and only covariates) using traditional ML models (Support vector, Logistics Regression, Random
Forest, and XGBoost classifiers). The aim in this stage was to use the trained supervised ML
algorithms to identify consistent features (features with non-zero feature importance weighted scores)

via the aggregation of the feature importance weighted scores across the stratified 5-fold CV splits.

In the second stage, we aimed to identify the most stable ML algorithms across the stratified
5-fold CV by using the consistent features identified in the first stage. We retrain all the ML
algorithms from the first stage across the stratified k-fold CVs. Internal model validation was further
done using the 20% testing sets set aside from each of the stratified 5-fold CVs. The most stable
performance models were identified as decision-tree-based models — Random Forest and XGBoost

classifiers.

In the third stage of the learning, the stable performance models were aggregated via a bagging
approach across the 5-fold CVs to develop an ensemble voting Host genetic COVID-19 predictor
model. We then retrained the HGSP model only with the consistent features from stage 1 of the

analysis.
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In contrast to stages 1 and 2, this stage saved the HGSP model and externally validate it using a
follow-up cohort dataset with focus on consistent features. Finally, the fourth stage focused on the
post-hoc model interpretations and explanations of the HGSP external prediction results via the

ExplainerDashboard method.

6.4.1 Stage I: Identifying Consistent Features Using Supervised ML

Algorithms

The ROC results of all screened genetic variants and covariates (age and gender) during training and
validation across the stratified 5-fold CVs were presented in Figure 21, for all variants with covariates,

without covariates, and only covariates.
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Figure 21: ROC results for testing sets of screened variants and covariates in 5-Fold CVs
Combined ROC curves considering all variants with covariates, variants alone, and covariates (age and gender)
across 5-fold CVs.

The prediction probability from the 20% testing sets of each 5-fold CV was average across the 5-fold

CVs using the median descriptive statistics.
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Averaging and aggregating the prediction probabilities across each fold were combined to recover all
the 841 samples which were subsequently used to plot the ROC curves for each scenario (i.e., trained
models considering variants+covariates, variants alone, and covariates alone). Here we considered
a scenario where only the training sets variants were screened; the testing sets variants were not

screened but identified variants from the training sets were curated.

In the first phase, we trained the models using the adjusted by age correction specified by the
collaborator to select the samples and subsequent stratifications. That is, patients considered as severe
(grading 5+4+3) were grouped as / and the asymptomatic patient was grouped as 0. Figure 22 shows
the result for the performance metrics (accuracy scores, fl-score, precision scores, recall score,
Matthew Correlation Coefficient (MCC) score, and Area Under Curve (AUC)) across the stratified

5-fold CVs.
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Figure 22: Summary of intrinsic models’ performance classification metrics across the stratified 5-fold CVs
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We aggregated the feature importance weighted scores from all the trained ML models (i.e., support
vector classifier, Logistic Regression, Random Forest, and XGBoost classifiers). We further exempt
features that received zero weighted feature importance scores. The features with non-zero weighted
feature importance scores were further used for unsupervised and domain-level interpretations and
implications analyses. Overall, we found that 3277 unique variants (out of a total of 3258 unique,
screened variants), corresponding to 2546 unique genes, had non-zero coefficients in at least one of
the 5-fold CVs, decision tree-based models (i.e., Random Forest or XGBoost). However, the
XGBoost classifier led to a sharper reduction of relevant variants (1086, corresponding to /049 genes,
with non-zero feature importance in at least one model), consisting of a subset of those identified with
the RF models. As expected, clinical covariates such as age and gender were found among the features
with the highest median of the distribution of important coefficients collected from XGBoost models

(see Fig. 23).

However, we further scrutinized the feature importance weighted score aggregated to features with
non-zero feature importance across the 5-fold CVs for decision tree models (Random Forest and
XGBoost classifiers). Only 16 features (variants) met this criterion and were consistent across the 5-
fold CVs. We further remapped these features into the feature space to develop the feature matrices
(training and testing) for each 5-fold CV split. Henceforth we turn our attention to these features
together with the covariates that were used to retrain the ML algorithms we adopted earlier. See Fig.

23 for the consistent features (16 fully supported genetic variants) identified.
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Figure 23: Consistent Features identified across stratified 5-fold CVs

The fully supported variants are features with non-zero feature importance weighted scores. The figure shows the fully
supported variants with non-zero feature importance weighted scores across the stratified 5-fold CVs splits after
aggregations. There were 16 variants identified with the covariates (age and gender).
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Figure 24: Distribution of consistent features (Fully supported variants and covariates)
This aggregation was carried out across the 5-fold CVs from stage 1 analysis adjusted by age scenario.
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6.4.2 Stage 2: Identifying Stable ML Algorithms using Consistent Features in
Stratified 5-Fold CVs

Here we focused on validating all the trained ML algorithms but most importantly to identify the

most stable ML algorithms using the consistent features (full supported variants and covariates)

identified from stage 1. We validate the models considering three scenarios — (i) full supported

variants and covariates, (ii) full supported without the covariates, and (iii) only the covariates (see

Fig. 25).
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Figure 25: ROC curves of the combined (aggregated) median prediction probabilities
In this plot we considered the fully supported variants+covariates, fully supported variants only, and covariates only.

There is a tremendous improvement in the ML model performance considering the fully supported
variants with covariates age and gender compared to the rest scenarios. In Figure 26 we displayed all

the models’ performance metrics across the stratified 5-fold CVs.
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Figure 26: Summary of Performance metrics comparison of ML algorithms
In this plot, we considered the fully supported variants with covariates across the 5-fold CV splits.

6.4.3 Stage 3: Developing and Validating HGSP Model

We trained the HGSP model and performed internal and external model validation. First, we
considered the 20% testing sets from each of the 5-fold CVs in stage 2 and the follow-up cohort
dataset. Additionally, we carried out an external validation considering adjusted by age and
unadjusted by age grading classification schemes, considering only the identified fully supported
variants from stage /. Some of the samples were excluded during the external validation process
because there were overlaps between the training sets and the testing set (follow-up cohort dataset).
This is because the follow-up cohort dataset was a built up on the training cohort (2000 cohort) dataset
information (i.e., follow-up cohort dataset contains new samples and initial samples from training

cohort dataset). To avoid data leakage, we excluded some samples that fall into this category.
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Also, some samples were excluded due to some inconsistencies either because they failed to meet the

WHO grading system scheme for COVID-19 severity or the adjusted by age grading scheme versus

the unadjusted grading scheme.

We consider the following case studies for model validation using the 16 identified candidate genetic

variants and two clinical covariates (age and gender).

1)

2)

3)

4)

5)

Training (Baseline 2000) cohort: this refers to the internal validation of our model
considering each of the 20% test sets from the aggregated stratified 5-fold CVs. There are 841

sampling units in this category in the context of adjusted by age grading scheme.

Testing set: this refers to the follow-up cohort dataset for external validation of our model
considering adjusted by age grading scheme, filtering the samples using the same criteria

employed in the training cohort scheme. There are 618 sampling units in this category.

Excluded samples Testing set: all samples classified as severe or asymptomatic based on
unadjusted by age grading scheme included in the follow-up cohort but excluded in the

training cohort. There are 235 samples in this category.

Excluded samples Training set: all samples classified as severe or asymptomatic based on
the unadjusted by age grading scheme included in the training cohort but excluded in the

adjusted by age grading scheme training cohort. There are 357 sampling units in this category.

Aggregated excluded samples: all the samples were classified as severe or asymptomatic
using the unadjusted by age grading scheme. They were the union of the excluded training
and testing samples, together with 495 sampling units in this category. Note 495 sampling
units instead of 592 because there were overlapping sampling units common to both events,
these samples were remapped once to avoid duplicated samples in the aggregated feature

matrix.
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In table 7, we displayed the various performance metrics from the out-of-sample model validation of

the HGSP using different datasets case studies highlighted above.

Table 7: Summary of Performance Metrics external model validation of all case studies

Case study Accuracyl|fl-score |PrecisionRecall [MCC

Testing set 82.85 88.09] 99.49] 79.03] 64.08
Excluded samples Testing set 83.83 88.82 95.57] 8297 62.12
Excluded samples Training set 82.35  85.52 88.15 83.04 63.17
Aggregated excluded samples 84.44] 88.14 90.51 85.89]  65.79

Accuracy score: Accuracy metric measure the fraction of predictions our model got right out of all the predictions. The
accuracy score in this context was used as a performance evaluation metric to measure how successful the saved HGSP
model performed on the external dataset. Recall score: this performance measure was used to evaluate the sensitivity of
the HGSP model during external model validation on a new dataset. Precision score: the precision tells what proportion
of positive predictions was correct. F1 Score: this performance metric indicates the harmonic mean of Precision and
Recall. The maximum value for an F1 Score is 1, which represents perfect precision and recall. If either precision or recall
is zero, the minimum value for the F1 Score is 0. Matthew Correlation Coefficient (MCC): it is a statistical tool used to
evaluate the performance of the model. It measures the difference between the predicted values and actual values and is
equivalent to chi-square statistics for a 2 x 2 contingency table. The MCC metric is considered the best single-value
classification metric, as it provides a comprehensive summary of the confusion matrix or error matrix. The value of +1 is
the best agreement between the predicted and actual values. While the value of 0 is no agreement. That is, the prediction
is random according to the actuals.

Figure 27 displayed the HGSP combined model performance across all the case study scenarios used

to evaluate the model performance in external state.
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Figure 27: HGSP performance considering out-of-sample model validation in all case studies.
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The developed ensemble voting host genetic COVID-19 severity predictor model generalized
excellently on unseen samples from the unadjusted grading classification scheme of the follow-up
cohort dataset. We customized the HGSP model explanation via the ExplainerDashBoard into a web

application.

6.4.4 How to use the HGSP web app for Predictions and
Explanations

First, the user(s) are required to clone the HGSP COVID-19 model via the GitHub repository

(https://github.com/raimondilab/COVID-19-severity-host-genetic-predictor-model-explanation) and

run the web app locally on their PCs. next the user needs a WES dataset or other multi-omics datasets
to be uploaded via drag and drop or browsing a local drive. Internally, HGSP is built on the widely
used pandas and NumPy packages to import and store data. The input datasets should be supplied in
a .tsv, .csv, or .xlsx format. The datasets should meet this requirement in form of a structured data
matrix. Each row should correspond to a sample ID, each column should be a feature (gene/variant)
to be used for classification, and every column must have a header. Features can be supplied in two
types: required and additional. Required features are the abundance of information on every analysis
(e.g., genes or genetic variants), while additional features are associated with clinical covariates such
as age, sex, or phenotype target output such as disease status of the samples or subjects. To give an

overview of how to use additional features and distinguish them from required features, HGSP

¢

7 (e.g,

13

requires their column names to start with an underscore _age”). This help researchers
quickly assemble matching data matrices with text or spreadsheet manipulation.
The provision of this option will help the end-users to prepare the right data matrix format with text

or spreadsheet approach in such a way that will provide the best-practice algorithm to achieve the

best performance.
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However, also worth noting that performance also depends on the data set and the task in mind. Next,
the user uploads their saved ML algorithm model using the drag and drop dialog button. The trained
ML model should be saved in serialize object formats such as joblib, and pickle for easy load using
commands as such as “pickle.loads(saved model)”.

The HGSP does not perform basic EDA approaches such as descriptive statistics summary
and bar or histogram plots. We believe that the user must have familiarize with these steps. We,
however, provide for EDA visualization, the unsupervised clustering approaches of PCA, and
Hierarchical clustering of the dataset. The HGSP provided an option that allows the user to include
additional feature columns in the classification. This refers to features that are not “required” features
(e.g., WES allelic frequency counts) but additional information such as clinical covariates (e.g., sex,
and age). These features can be added as “Additional features™ in the dialog. If a column is categorical

2 [13

such as “condition_a”, “condition b”, and “condition c¢” for a feature, HGSP will transform the
values to numerical data such as 0, 1, and 2. Here the users might upload their *.csv file (comma “,”
separated), with each row corresponding to a feature that will be excluded.

After the user have satisfied the steps, the user can click the sidebar button to select “retrain
model”, “model prediction” or “explanation”. We provided these options in case a user may not be
interested in the model prediction and will rather prefer to see the model explanation or vice versa. If
the model prediction option is selected for example the user will further select the different
performance evaluation metrics (Confusion matrix plot, precision-recall curve, ROC-AUC curve).
The performance metrics (accuracy, precision, and recall scores) will pop out alongside the plots. If
the user seeks further explanations, he or she can go ahead to click the “explanation” button to see
the explanation of the model via the explainer dashboard. However, the results for the explanation
will take some time if there are many samples (rows) due to the explainer dashboard using the SHAP

permutation explanation approaches to calculate the feature importance, hence, perturbing individual

explanations, and other performance metrics.
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The ExplainerDashboard URL is built into the WebApp to display the rightful explanations for the
users without having to run it locally on their computer. Users can save the visualization metrics of

interest in PDF, HTML, JPEG, or PNG file formats.

6.4.5 Stage 4: Post-hoc HGSP Model Interpretation and

Explanation

Next, we performed the post-hoc model agnostic interpretations and explanations at an individualistic
level of our ensemble host COVID-19 severity predictor model on the predictions validated with the
follow-up cohort dataset. We employed the explainer dashboard interpretation and explanation
approach that utilizes the SHAP dependence plots, feature importance plots, and performance metrics
to further shed new light on understanding individualistic COVID-19 severity predictions. Here we
seek to unravel hidden insights such as patients whose COVID-19 severity predictions are not driven
by covariates (age and gender) but as a result of some complex genetic interactions from the 16
identified consistent features. We displayed in Figure 28 (a) — (e) the visualization metric plots for
the explanations of HGSP model when investigated further using the testing dataset sample, HGSP

web app built with streamlit, saved ML algorithm, and explainer dashboard python library package.

127



An explainable model of host genetic interactions
linked to COVID-19 severity

Feature Importances Classification Stats Individual Predictions Feature Dependence
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Figure 28 (a): ExplainerDashboard displayed SHAP feature importance plot.

The plot shows the features sorted from most important to least important. The features were sorted based on the absolute
SHAP values (average absolute impact of the 18 features on the final prediction outcome). The features can also be
shuffled and sorted based on their permutation importance.
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Table 8: Feature importance description associated with PheWAS analysis

Feature Description
gender Gender
age Age (Years)
HDGFL?2 HDGFL2(rs146793578) [Hint - cardiovascular disease: Hypertension, Phenotype: Fasciitis, Cell
proliferation disorder: Prostate cancer] illnesses of siblings]

TRIM72 TRIM72 ()

PLEC PLEC (rs140300753) [Hint - Phenotype: Abnormalities of breathing, Cardiovascular disease:
Heart attacks]

PCSK5 PCSKS (rs72745135) [Hint - Phenotype: Abnormalities of breathing, Mouth breathing,
Cardiovascular disease: Epistaxis or throat haemorrhage, Infectious disease: Other acute lower
respiratory infections]

CNTFR CNTFR ()

BMSIP! FRMPD2B | BMS1P1_FRMPD2B ()

GFM1 GFM1(rs370496368) ()

LOC100996720 LOC100996720 ()

ZBETB3 ZBETBS3 (rs544641) [Hint - Infectious disease: Viral heptitis]

MIR933 MIR933 (rs79402775)

SPATA6 SPATAG6 (1rs77303590) [Hint - Immune system disease: Autoimmune disease, Infectious disease:
Infectious mononucleosis / glandular fever / epstein barr virus (ebv), Viral hepatitis,
Cardiovascular disease: Hypertension]

GOLGAG6L3 GOLGAG6L3(rs367838829) ()

ZBED3 ZBED?3 (rs531117283) [Hint - Biological process: Frequent intake of alcohol, Infectious disease:
Meningitis | non-cancer illness code]

CEPI131 CEP131 (rs2659015) [Hint - Biological process: Current smoking status, Cardiovascular disease:
Esophageal bleeding (varices/haemorrhage)]

SECISBP2L SECISBP2L(rs75595801 )[Hint - Genetic, familial or congenital disease: Disorder of lipoprotein
metabolism, Phenotype: Haemorrhage from gastrointestinal ulcer]
ZRANB3 ZRANB3(rs1465146591)

In table 8, we linked the 16 fully supported genetic variants (see Fig. 28 (a)) with associated disease-

traits from a PheWAS analysis we carried out using Open Target genetics platform. Some of the

genetic variants were identifying reported disease specific disease-traits linked to COVID-19 severity

e.g., abnormality of breathing and cardiovascular disease linked to PLEC (rs140300753), and PCSK5

(rs72745135).
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I Feature Importances Classification Stats Individual Predictions Feature Dependence

Model performance metrics Confusion Matrix

How many false positives and false negatives?

metric Score Confusion Matrix
accuracy 0.79
precision 0.979
symptomatic 18.4% 1.3%
recall 0.754 (114) (8)
b5
f1 0.852 s
W
3
roc_auc_score 0.865 @
pr_auc_score 0.968 Severes 19.7%
(122)
log_loss 0518
Asymp‘lomahc Se\‘/ere
predicted
Precision Plot Classification Plot
Does fraction positive increase with predicted probability? Distribution of labels above and below cutoff
percentage Severe vs predicted probability Percentage above and below cutoff

counts
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B counts —e— percentage Severe B Severe WM Asymptomatic

Figure 29 (b): ExplainerDashboard displayed Classification Stats.

shows the HGSP model performance metric measures; the confusion matrix plot for the HGSP model external prediction;
the precision plot was used to show the relationship between the predicted probability that a sample ID belongs to the
positive class and the percentage of observed sample ID in the positive class. The observations were further binned
together in a group of roughly equal predicted probabilities and the percentage of positives is calculated for each bin. A
perfectly calibrated model would show a straight line from the bottom left corner to the right corner. A strong model
would classify most observations correctly and close to 0% or 100% probability as the case may be the classification plot
displayed the fraction of each class above and below the probability cut-off of 0.50; the ROC curve performance of the
ensemble model on an external prediction dataset.
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C ROC AUC Plot

Trade-off between False positives and false negatives
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Figure 30 (¢): ExplainerDashboard displayed Classification Stats

The plots displayed the Precision-Recall Area Under Curve (AUC) performance on an external follow-up cohort dataset;
the lift curve plot is used to depict the percentage of positive classes when one selects only observations with a score
above the cut-off Vs selecting the observations randomly. It aimed to help us evaluate how much better our developed

ensemble voting classifier is than a random (the lift).
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Figure 31 (d): ExplainerDashboard Individual predictions plot

The dialogue box is pulled down to select a sample ID directly by choosing it from the dropdown list or hit the random
sample ID button to randomly select sample ID that fits the constraints. This aimed to help us assess in general the false
positives and false-negative rates of our prediction. The doughnut prediction plot shows the predicted probability for each
grouping label for the selected sample ID of interest.
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Feature Dependence
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Figure 32 (e): ExplainerDashboard Feature dependence plot

The SHAP dependence plot displays the relationship between feature values and SHAP values. This aimed to allow us to
investigate the general relationship between feature value and impact on the prediction. One can ascertain whether the
model uses features as expected or uses the plots to learn more about the relationships that the model has learned between
the input feature and the predicted outcome.

In Figure 28, 1 presented a Clustering heatmap visualization of the SHAP feature importance output
values from the external validation of the HGSP model on the follow-up dataset. The aim for this
visualization was to further identify plausible patterns of complex genetic and covariates interactions
with the severity of the disease. I suspected that some patients’ severity prediction of the COVID-19
disease may purely be driven by genetics rather than their covariates (age and gender). The
visualization also helps to further understand the directional contributions of the features at a local
level for each patient’s severity predictions. For example, the variants PLEC & PCSKS5 (see Fig. 29)
are strongly associated with abnormalities of breathing, symptoms, and signs involving the

circulatory and respiratory systems.
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Most of the patients’ genetic severity prediction is strongly linked to age and gender, however, there
is a small portion of patients whose severity predictions are topmost contributed by genetic variants;
for example, patients with sample IDs S46 hg38, COV3908-1549 hg38, COV5958-2221 hg38,
COV6351-2318 hg38, COV6807-2447 hg38, COV7658-2744 hg38, COV7878-2817 hg38 and
COV8603-3159 hg38, whose severity contribution is coming from the variant PLEC, and not gender

or age covariates.
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Figure 33: ExplainerDashboard clustering heatmap visualizations of SHAP features importance output.

The covariates and variants (Fully supported variants) at the local explanations level we visualized the SHAP feature
importance output for plausible interactions interplaying with COVID-19 severity predictions. The Shapley values for
each feature's important interpretations and explanations range from negative to positive. Negative values were colored
blue while positive were colored red. A positive value means the feature is pushing the predicted output in a forward or
positive direction while a negative value means the feature is pushing the output backward. Meaning features with positive
pull force will favor grouping 1 (severe) while features with backward pull force (negative) will favor grouping 0
(asymptomatic).
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6.5 Unsupervised Machine Learning Approaches Results of

Analyses

For us to perform the unsupervised machine learning approaches, we considered the feature
importance aggregated across the stratified 5-fold CVs from stage 1. All the features (variants and
covariates — age and gender) with non-zero weighted feature importance scores in at least three
stratified fold CVs for decision-tree-like models were considered. First, we reused these features by
extracting them from the feature matrices to form a feature matrix that contained the original samples
of the dataset (841 samples). This new feature matrix was used to perform PCA, K-means clustering,
and UMAP clustering approaches. The aim of doing these analyses is to uncover hidden patterns and
insights for example patients whose COVID-19 severity susceptibility is likely driven by some sort
of complex genetic interactions interplaying with the disease. More so, identifying homogenous
clusters of patients can help to further strengthen therapeutic remedies in the treatment of the disease.
Secondly, we seek biological interpretations of the identified genetic variants for further knowledge
discovery and insights. To do this, we filtered the variants to generate the gene list and we employed
the Cytoscape and Reactome open-source Bioinformatic tools for Functional enrichment/pathway
analysis. Lastly, we used these genetic variants to perform phenome-wide association studies to
further associate the variants with reported disease traits. Here we employed the OpenTarget genetics

Bioinformatic open-source tool.
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6.5.1 PCA and K-Means clustering Analyses Results

Here (see Fig. 30 (a) — (d)) we displayed the plots from the use of Principal Component Analysis and

UMAP considered the feature importance aggregated across the stratified 5-fold CVs from stage.
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Figure 34: Visualization of PCA and K-means clustering results considering training cohort

Legend: a, b, ¢, and d (a) is a scattered plot of PCA K-means clustering results. (b) upper-right scattered plot shows three
separated clusters with the top left cluster (3) having fewer membership. (c) lower-left plot showing the UMAP clustering
of the dataset. The UMAP approach was explored to see if it will provide a better clustering of the dataset other than the
PCA approach, however, the UMAP method was unable to fit the dataset well, thus we opted for the PCA and K-means
clustering of the dataset. (d) staggered bar chart plot of the PCA and K-means clusters based on their gender (Male (sky

blue) and Female (pink)).

In Figure 31, we further explored the PCA and K-Means clusters based on the patients’ age, and

COVID-19 severity distribution for plausible knowledge discovery and hidden patterns.
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Figure 35: PCA K-means cluster visualization of age and severity distribution
A) age distribution of the patients in the three clusters identified by PCA and k-means clustering considering non-zero
importance variants in the training cohort dataset: B) variant distribution in the three clusters.
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Our interest in discovering hidden insights led us to explore unsupervised clustering techniques such
as PCA and K-means clustering. As shown in Figure 32, we discovered a distinctive cluster of patients
with a consistent severity distribution and minimal dependence on age and gender. Intrigued by this
finding, we delved deeper into this patient cluster and analyzed their mutated genes. Additionally, we
established links between the genes using a FI network and identified approved drugs available for

any of the genes.
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Figure 36: Zooming into PCA K-means most severe cluster with homogenous severity patients.
FI network constructed using mutated genes on the cluster of more severe patients and approved drugs available for any
of these genes.
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6.6 Pathway Enrichment Analysis Results

In this section, we report the findings of our domain knowledge interpretation analyses. These
analyses were conducted using two types of filtered variants: first, the non-zero variants from trained
supervised ML decision tree-based models aggregated across the stratified 5-fold CVs, which were

subjected to functional enrichment/pathway analysis for knowledge discovery and interpretation.

Secondly, the variants filtered using an alternative screening approach with SKAT analysis, which
were examined using Phenome-wide Association analysis to identify plausible disease traits

associated with the genetic variants.

6.6.1 Functional Enrichment/Pathway Analysis

Here we present the results of non-zero variants identified from trained ML algorithm (XGBoost

classifier) aggregated across the stratified 5-fold using functional enrichment/pathway analysis (see

Fig. 33 - 35).
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From figure 33 (I) pathways are overrepresented among variants with non-zero features in at least one XGBoost model
and enriched in either severe(red) or asymptomatic (blue); II) Reactome FI network of genes affected by variants with
non-zero feature importance from XGBoost. Node diameter is proportional to the number of variants with non-zero
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Figure 39: Reactome FI network of genes of module 3 by variants with non-zero feature importance from
XGBoost.

Node dimension and colouring are the same as in Fig; bottom) bar chart of the enriched processes within the module.
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We focused our attention on the subset of variants receiving non-zero feature importance weighted
scores in at least one XGBoost model which we functionally analysed to provide a mechanistic
explanation for their interaction with COVID-19 infection. We performed pathway analysis by
mapping mutated genes in a functional interaction (FI) network (i.e., Reactome FI network; see
Methods section in 4.8.1). We built a general FI network (see Fig. 33), as well as networks specific
for clinical groups, by grouping variants and genes enriched in severe and asymptomatic patients (see
Fig. 331). Pathway analysis on group-specific networks revealed patterns of significantly enriched

processes in either asymptomatic or severe patients (see Fig. 331).

In severe patients, we found significantly enriched processes associated with cardiomyopathies, e.g.
Arrhythmogenic right ventricular cardiomyopathy (FDR=4.03x 10—05), Calcium signaling pathways
(FDR=4.22x10—02),  extracellular matrix (ECM), e.g. ECM-receptor interaction
(FDR=9.22x10—-05), vesicle-mediated transport, e.g. Retinoid metabolism and transport (FDR=
1.48%x10—02), RAB GEFs exchange GTP for GDP on RABs (FDR= 2.04x10—02) and Clathrin-
mediated endocytosis (FDR= 4.22x10—02), transcriptional regulation such as FOXA2 and FOXA3
transcription factor networks (FDR=1.48Xx10—02), and immune response such as C-type leptin
receptors (CLRs) (FDR=5.67x10—-02) (see Fig. 33I; Supplementary Table S7). Asymptomatic
patients were instead characterized by a distinct set of processes, including Fanconi anaemia pathway
(FDR=7.89x10—04), DNA repair processes such as HDR through HRR or SSA
(FDR=4.84x10—03), Hippo signaling pathway (FDR=1.64x10—-02), and Axon guidance mediated
by netrin (FDR=3.81x10—02) (Fig. 331; see Supplementary Table S5). The overall FI network
consisted of 344 mutated genes and 630 functional interactions, demonstrating a high level of

interconnection between the affected genes that play roles in various interrelated biological processes.
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Cluster analysis on the general F1 network revealed distinct modules characterized by the enrichment
of specific pathways, and by a variable composition in terms of variants enriched in either severe or
asymptomatic patients. Intriguingly, we found out that no cluster exclusively contained variants
enriched in severe or asymptomatic patients. In detail, the largest cluster (i.e., Module 1; 43 nodes)
encompassed Fanconi anaemia pathway (FDR=2.46x10—07) and DNA repair processes such as
HDR through HRR or SSA (FDR=4.51x10—06) or Homologous recombination
(FDR=1.76x10—03) (Fig. 331). In this cluster, we found that the gene characterized by the variant
with the strongest model support (ms) (i.e., fraction of decision-tree-based models assigning non-zero
feature importance; see Methods) is MYBBPIA rs117615621, which is enriched in asymptomatic

patients (log odds ratio (lor) = -1.34, pval= 0.0065; ms=90%; Table 4).

The second-largest module (Module 2; 42 nodes) involves genes mediating signal transduction
cascades such as those mediated by Ras GTPases, e.g., Rap1 signaling pathway (FDR=1.01X10—04)
or MAP kinases, e.g. MAPK signaling pathway (FDR=5.95x10—04) (Fig. 3311, 34). We also found
processes more directly linked to the immune and inflammatory response to the virus, such as the
JAK-STAT signaling pathway (FDR=1.11X10—03), Cytokine-cytokine receptor interaction
(FDR=1.92x10—03), and Interleukin-6 family signaling (FDR=1.92x10-03) (Fig. 331I, 34). All
these three pathways are participated by the CNTFR gene, which codes for the alpha subunit of the
receptor for the ciliary neurotrophic factor, and is affected by a novel variant (chr9:34557898:A4: T)
enriched in severe patients (lor = 1.230663067; pval = 0.00021727; see Supplementary Table S5).
Intriguingly this variant was ranked in the top 20 genes with the highest median importance (Fig. 24)
and received /00% model support (Fig. 23), indicating that all the decision-tree-based models

considered it as important for the classification of severity.
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Another variant with /00% support affects a gene within the same cluster is rs/50021157, also
significantly enriched among severe patients (lor = 1.373871841; pval = 0.001927211; Table 4,
Supplementary Table S8), affecting the PCSKS5 gene, a serine endoprotease which processes various
proteins including various cytokines, NGF, renin and which has been reported to regulate the viral
life cycle [260]. The third-largest module (Module 3; 38 nodes) is characterized by the Regulation of
the nuclear SMAD2/3 signaling pathway (FDR = 1.95X10—03) as the most enriched pathway,
therefore being tightly interconnected with cluster 2. It was previously shown that SARS
nucleocapsid proteins interact with SMAD3 and modulate TGF-f signaling [261], another pathway
significantly enriched in Module 3 (FDR = 0.014). The latter pathway has also been confirmed to

drive a chronic immune response in severe COVID-19 [262].

The variant SMAD3 rs897912452 (lor = -1.16, pval = 0.00051) and the novel ZMIZI 10:79307376:
:GGGGGGGGGQG (lor = -1.30608171; pval = 6.18x10—05) have the highest support (ms = 90%)
and are found enriched in asymptomatic patients. Additionally, the latter gene ZMIZ]1 participates in
another significant pathway, Coregulation of Androgen receptor activity (FDR= 0.01), which also
entails AR, which carries several mutations which, depending on the specific genic locus, can be
found enriched either in severe or asymptomatic patients with variable support (Fig. 33,

Supplementary table S7).

We found additional interesting, potentially relevant pathways in the remaining modules. Module 4
(33 nodes) contains genes involved in Deubiquitination (FDR=1.15X10—05), a process frequently
modified by viral infection [263] as well as several other pathways mediating innate immune response
such as the TNF receptor signaling pathway (FDR= 1.15X10—05), C-leptin receptors (FDR=
7.8%10—05) and Toll-like receptor cascades (FDR= 4.76X10—04) (Fig. 33; supplementary table S8).
The PLEC gene, which plays a role in anchoring intermediate filaments to desmosomes or
hemidesmosomes through connections with microtubules and microfilaments, is part of this cluster

and is impacted by the variant rs140300753 (lor = 1.16, pval = 0.002881778, ms = 100%).
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This variant is prevalent in severe cases and is fully supported by decision-tree-based models (as

shown in supplementary table S8).

In Module 5 one of the most significantly enriched pathways is Cilium Assembly (FDR=
2.64x10—04), which entails CEPI31 affected by the variant rs2659015, which is enriched in
asymptomatic patients (lor = -1.92; pval = 0.001517767) and which received 100% model support.
Interestingly, recent findings show that CEP131 is significantly impacted by phosphorylation during

viral infections [263].

In addition to several other immune response-related processes (e.g., MHC class II antigen
presentation in Module 5, FDR = 7.13X10—03; Supplementary Table S5), in the remaining clusters,
we found additional processes with high translational and therapeutic potential. For instance, we
found several GPCR-signaling instances significantly enriched in Modules 6 (e.g., G alpha (i)
signaling events, FDR = 3.69x10-04) and 8, which exclusively entails GPCR-downstream signaling
pathways and where again the G alpha (i) signaling events (FDR = 2.56x10-09) and G alpha (q)
signaling events (FDR = 4.83x 10-08) are the two downstream pathways most significantly over-

represented (Fig. 33, see supplementary Table S5).
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We also found that a few genes whose variants have been identified through our pipeline are among

the ones carrying top associations to severity as assessed from studies of the COVID-19 HGI [262].

We further linked the consistent genetic variants (16 full supported variants) to Enrichr bioinformatic

web-based tools for plausible domain interpretations and implications of the ML results (see Fig. 36).
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Figure 40: Snapshot of Enrichr web-based results linking the genetic variants used for the HGSP Model
The detailed results of the Enrichr domain interpretations can be found using the link below:
https://maayanlab.cloud/Enrichr/enrich?dataset=2613365¢99¢0255115dd818c11aba294+#
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In detail, variants of 9 out of the 43 genes identified from GWAS studies [264] are also present in our
list, including ABO, ARL17A4, ARL17B, DPP9, LRRC37A4, LRRC37A2, RAVERI, TMEMG65, ZBTB11

(see Supplementary Table S5).

6.6.2 PheWAS Analysis of variants from the Supervised ML Approach

We further carried out a PheWAS analysis using the non-zero variants from the Supervised ML
approach to associate them with plausible disease traits that linked to COVID-19 severity (see Fig.

37).
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Figure 41: Phenome-wide association studies of mapped variants from stage 1 with specific disease traits.

I) phenotype categories displaying the greatest fraction of specific trait associations with variants enriched in severe versus
asymptomatic patients; II) scatter plot showing variant-specific traits associated within the “Respiratory or thoracic
disease category”. The dot diameter is proportional to the model support for each variant. The colour is proportional to
the log-odds ratio of the variant in the two.

To provide further evidence of a functional relationship between our variants and COVID-19 severe

phenotypes, we checked available open-access integrative resources (i.e., Open Target Genetics

initiative [235] which aggregate human GWAS and functional genomics data to link between GWAS-
associated loci, variants, and likely causal genes.
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We considered Phenome Wide Association Study (PheWAS) analysis considering a wide range of
diseases and traits to identify the phenotypes associated with our variants (see Methods). Intriguingly,
we found that many variants identified through our approach are associated with traits or phenotypes

which might be linked with either risk or protection from severe consequences of the viral infection.

For example, by considering variants with non-zero importance in at least one XGB model we found
that those enriched in severe patients were 70% of the total associated with the category “respiratory
or thoracic diseases” (see Fig. 37I). Among the specific traits with strong associations to more
supported variants, we found instances such as “Doctor diagnosed emphysema” (ITPKA,
rs41277684; LTK, rs35932273), the latter variant associated also to “Other alveolar and
parietoalveolar pneumopathy”, “Respiratory disorders in diseases classified elsewhere” (KCNBI,
rs34467662), “Chronic bronchitis/emphysema” (CI2orf43; HNFI1A, rs11065390; SLC47A2,
r$34399035), “Acute sinusitis” (SHANK?2, rs146204677), “Pleural plaque” (CFAP74, rs141833643),
“Allergic asthma” (SYTL2, rs61740616, and rs35751209), “Symptoms and signs involving the
circulatory and respiratory systems” (PCSK35, rs150021157) (Fig. 3711). Although weaker associated
and supported by our models, we also found several associations with chronic obstructive pulmonary

disease (COPD) both in “respiratory or thoracic diseases” and in “infectious disease” categories (see

supplementary Table S8).

Other disease categories displaying a net prevalence of phenotypic associations for variants enriched
among severe were “immune system disease”, with multiple variants associated with specific traits
such as “Autoimmune diseases”, “Immunodeficiency with predominantly antibody defects” or “Non-
infectious disorders of lymphatic channels”, and “pancreatic disease” (Fig. 371; see Supplementary

Table S8).
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Two of the variants enriched among severe patients which were found by our models to be invariably
relevant for severity classification (i.e., PCSKS5 rs150021157 and PLEC rs140300753) were
significantly associated with the “Abnormalities of breathing” phenotype (pval = 0.0000040 and pval
= 0.00016, respectively), suggesting that patients carrying these variants might be at higher risk due

to pre-existing difficulties of breathing (supplementary table S8).

Other general categories of traits that might be linked to severe COVID-19, such as “cardiovascular
disease” or “Infectious disease” showed similar distributions of associations of risk or mitigation
factors (see supplementary Fig. S8). Interestingly other categories, such as “Integumentary system

disease” showed instead a prevalence of associations with mitigation factors (Fig. S8).
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6.7 SKAT Analysis

Despite the promising results obtained from the supervised and unsupervised ML approaches, |
recognized the need to explore other variant screening methods to further strengthen the findings and
potentially discover new insights from a different angle. Therefore, I collaborated with other
researchers to employ the alternative variant screening approach of SKAT analysis to screen the
variants and present the results in this study. By doing this, I aimed to improve the reliability and
robustness of my findings obtained from the supervised and unsupervised ML approaches employed
in the study. In pursuit of my research objectives, I have provided the findings from the SKAT
analysis and PheWAS analysis of genetic variants associated with disease traits that are likely to be

linked to the severity of COVID-19.

The SKAT analysis detected the top significant genes from which we performed pathway analysis
using the Reactome open-source curation tool (using the “grad 5 phenotype). We further perform a
Linear Regression, using PLINK, on the SNPs Set, to discover the direction of the association (see

Fig. 38 and 39).
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Figure 42: Manhattan Plot of the variants in the significant gene-sets.

Considering the phenotype “grading 5 was able to detect the most interesting results with the Reactome software. The
first 45 GeneSet, was detected as significant by the SKAT test, with an FDR < 0.05. In the linear regression results, we
obtained 406 significant genetic variants (FDR_BH < (.05), on a total of 5584 (p-value < 0.05).

In this study, we included in our analyses 2,664 GEN-COVID patients with available data about
COVID-19 severity, that were not related to other patients and were of European origin, according to

principal component analysis (see Table 9).
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Figure 43: Manhattan Plot of all the variants analysed.

Patient characteristics are summarized in Table 9. Most of the GEN-COVID patients were male (60
%) and the median age was 62 years. Less than one-third of the patients were asymptomatic or pauci-
symptomatic, whereas the remaining ones were hospitalized and received any kind of oxygen support
(including facial masks, CPAP/biPAP or intubation). 11% of patients needed intubation.
Unfortunately, 181 deaths were recorded. SKAT analysis reveals 45 gene sets significantly

associated with the severity of COVID-19.
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Table 9: Clinical characteristics of patients included in the SKAT analysis

Characteristic

Patients (n=2,664)

Age at diagnosis, years, median (range)

Sex, n (%)
male
female
Clinical category, n (%)
asymptomatic

pauci-symptomatic *

with O> supplementation
ventilated by CPAP/biPAP
intubated

dead

* Hospitalized, without respiratory support.

62 (18-99)

1591 (60)
1073 (40)

452 (17)
313 (12)
848 (32)
594 (22)
276 (10)

181 (7)

SKAT was performed on 2,664 patients, investigating 17,651 gene sets, composed of a total of

1,338,977 informative variants, with age, sex, and the first three PCs (explaining about 12% of the

genetic variation) as covariates.
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Table 10: Top 20 eigenvalue PCS and scattered plot visualization of 1 and 2"¢ PCs.
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We identified 45 gene sets significantly associated with COVID-19 severity (Supplementary Table
SKT1). The 2 top-significant gene sets were those of H4C1 and MUC6 genes: for the first one, only
rare variants (n=17) were analysed, whereas, for the latter, SKAT tested 664 variants, 32% of which

were common oncs.

Among the 5,584 variants belonging to these significant gene sets, 406 resulted significantly
associated with COVID-19 severity, also in a linear regression model, using age, sex, and the first
three PCs as covariates (Supplementary Table SKT2). These results were reported in the Manhattan
plots shown in Fig. 38 and 39. Most of the variants (87%) were rare variants (median MAF = 0.01%).
The alternative (minor) alleles of the vast majority (94%) of the identified variants were associated
with a higher grading of COVID-19 severity. The two top-significant variants identified by this linear

regression belonged to the 4AK2 gene (both with MAF = 48%).
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Additionally, we performed a linear regression between COVID-19 severity phenotype and all the
informative variants, with age, sex, and the first three PC as covariates. This analysis identified 249
variants significantly associated with COVID-19 severity (FDR < 0.05, see Fig. 39) but only 134
were among the 406 belonging to the significant gene sets identified by SKAT, mapping in 27 of the
45 genes identified by SKAT. The other 250 variants associated with COVID-19 grading mapped in
other 66 genes (Supplementary Table SKT3). The top significant variants identified by this analysis

(P-value < 5.0 x 10"®) were mapped in CELA3A, AP3S1, OTOP1, AK2, ANKRD36C, and SLC23A41

genes.

6.7.1 Phenome-wide Association studies of SKAT variants

The PheWAS analysis was done by associating 406 variants identified from 45 genes of the SKAT
analysis for reported disease trait phenotypes using the OpenTarget genetics platform. 9 genetic
variants returned linked to 17 phenotype categories (trait category). Which were further sub-classified

into 112 specific traits (reported traits) categories (see Fig. 40 —45).

I cardiovascular disease

nervous system disease

cell proliferation disorder

biological process

phenotype

musculoskeletal or connective tissue disease

gastrointestinal disease

infectious disease

pancreas disease

injury, poisoning or other complication

respiratory or thoracic disease

urinary system disease

endocrine system disease

disease of visual system

reproductive system or breast disease Emm asymptomatic
genetic, familial or congenital disease m severe

integumentary system disease

asymptomatic

traiCategory

severe

0 10 20 30 40
Count

Figure 44: Phe WAS top disease trait categories reported

I: top left shows bar chart of disease trait categories reported to be associated with the SKAT significant variants. The
orange color (severe) represents counts of positive Beta coefficients associated with variants from SKAT analysis. The
blue color (asymptomatic) represents the count of negative Beta coefficients associated variants. II: Top right shows the
pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated with variants in all disease

trait categories).
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d_variant
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Figure 45: PheWAS top specific infectious disease traits reported.

I: Top centre shows the pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated with
variants in the infectious disease trait category. II: bottom right shows a bar chart of infectious disease traits reported to
be associated with the SKAT significant variants.
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Figure 46: PheWAS top specific Respiratory or thoracic disease traits reported.

II: Top centre shows the pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated
with variants in the Respiratory or thoracic disease trait category. II: bottom right shows a bar chart of respiratory or
thoracic disease traits reported to be associated with the SKAT significant variants.
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Figure 47: PheWAS top specific Immune System traits reported.

I: Top centre shows the pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated with
variants in the immune system disease trait category. II: bottom right shows a bar chart of immune system disease traits
reported to be associated with the SKAT significant variants.
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Figure 48: PheWAS top specific Gastrointestinal disease traits reported.

I: Top centre shows the pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated with
variants in the immune system Gastrointestinal disease trait category. II: bottom right shows a bar chart of Gastrointestinal
disease traits reported to be associated with the SKAT significant variants.
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Figure 49: PheWAS top specific Pancreas disease traits reported.

I: Top centre shows the pie chart summary of the beta coefficient (severe Vs asymptomatic) distributions associated with
variants in the immune system pancreas disease trait category. II: bottom right shows a bar chart of pancreas disease traits
reported to be associated with the SKAT significant variants.

The PheWAS analysis results of the SKAT identified 45 candidate genes from which we extracted
the 406 significant variants using regression via PLINK and identified interestingly disease traits that
were linked with COVID-19 severity in patients (see Fig. 38 and 39). The topmost disease traits
categories (see Fig. 40) for example in infectious disease traits showed asthma-related acute
respiratory infections, asymptomatic human immunodeficiency virus (HIV), COVID-19 (Released
4), and helicobacter pylori. These traits have been identified with severe COVID-19 disease in
patients. Other disease traits in the immune system identified were drug allergy or anaphylactic
reaction, non-hereditary hypogammaglobulinemia, and certain disorders involving the immune

mechanism (see Fig. 43).
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Chapter

6

Discussion of Results

My Ph.D. research proposed a solution to the problem of model instability in Interpretable ML models
when dealing with high dimensional omics datasets. The proposed solution involves using an
integrated computational splitting strategy that incorporates stratified k-fold CVs, feature selection,
and an ensemble voting method. Additionally, my study emphasizes the importance of incorporating
domain knowledge interpretation analyses to gain further insights and knowledge discovery from the
results of Interpretable ML models, particularly in complex disease settings. To demonstrate the
efficacy of this approach, I utilized a comprehensive computational approach to analyze genetic

variations in patients that may affect their likelihood of severe illness due to the SARS-CoV-2 virus.

We integrated into a stratified k-fold scheme a pipeline to perform variant features screening
followed by machine learning model training and testing to robustly identify variants associated with
severe response to COVID-19 infection. Our pipeline allowed a drastic reduction of the initial number
of variants by several orders of magnitudes: from an initial set of approximately /M unique variants
derived from WES to /k variants receiving non-zero feature importance in at least one of the tree-

based models.
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By only considering the variants with full support, i.e., always found to have non-zero feature
importance in all the tree-based models, we further reduced the pool to only 16 variants. Models
retrained with only full-support variants (plus age and gender as covariates) achieved superior

performances (median AUCROC = 86%, best model AUCROC =91%).

Although models trained with only patients age and gender already showed good performances in
severity prediction (median AUCROC = 80%), confirming the predictive power of these covariates,
the increase in performance followed by the inclusion of curated genetic information provides the
foundation for integrated tools for COVID-19 severity forecast and patient stratification. When tested
on a follow-up cohort of more than 600 our models achieved remarkable performances in identifying
severe patients with good accuracy (ACC = 81.88% and AUCROC =96%), performing considerably
better than the ones obtained by training with only covariates or variants (see Fig. 25 and 26; Data
S3). The HGSP model also showed good performances on an additional validation set comprising a
total of 375 samples excluded from both training and testing due to inconsistent classification from
the WHO grading, and the ordinal logistic model adjusted by age (ACC = 85.34%, MCC = 67.8%,

AUCROC =91.4%; Fig. 27; see Supplementary Table S3).

We employed the ExplainerDashboard open-source python library to interpret the HGSP model
predictions at an individualistic level focusing our attention on the follow-up dataset. The aim of
seeking the post-hoc model explanation was to further explore the HGSP model predictions at the
global (feature importance summary) and local explanation level (SHAP dependence plots). For
example, explaining the HGSP predictions help us to unravel hidden insights such as few sample ID
(patients) whose COVID-19 severity predictions were not driven by covariates (age and gender) but
rather some complex genetic interactions of the genetic variants e.g., PLEC, PCSK5. The
ExplainerDashboard API is flexible and by default, it tries to display all the default tabs (see Fig. 28
(a) — (e)) that are compatible with the HGSP model and its output (see Fig. 29 for the results of the
SHAP feature importance values).
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The SHAP feature importance plot showed that most of the patients’ COVID-19 severity
susceptibility is driven by the covariates (age and gender). However, few patients’ severities are
driven by complex genetic interactions with their phenotypes. We further associated the 16 fully

supported variants with linked disease traits extracted from a PheWAS analysis.

We used the hierarchical clustering visualization heatmap to unravel hidden insights from the SHAP
feature importance value output from the explainer dashboard. From the heatmap (see Fig. 29) the
covariates of age and gender were separated along two lines of magnitude impacts (positive and
negative directions coloured as red for positive push and blue for negative pull). This means they can
be a push forward (severe) or pull back (asymptomatic) to the model severity prediction. This is in
line with existing findings from the literature that the male gender is more at risk of severe COVID-
19 disease than the female gender [18], [265]. More so, research has shown that as one advance in
age they are more likely at risk of severe COVID-19 than younger patients [262], [266]-[268].
Visualizing the SHAP value feature importance via a hierarchically clustered heatmap helps us to
further understand the directionality contributions of the features at an individualistic level for each

patient’s severity predictions.

We can anticipate that some features (variants) such as TRIM72, HDGFL2, BMSIP1 FRMPD?2B,
SPATA6, and LOCI100996720, are pushing the prediction toward a negative direction
(asymptomatic). This implies that these variants may be providing some sort of protection against
the severity of the disease in patients. While the features (variants) PLEC, GFM1, CNTFR, PCSKS5,
ZBTB3, GOLGAG6L3, and MIR933 are pushing the prediction output toward the positive direction
(severe). This implies these genetic variants are plausibly enriched in some of these patients and
thereby driving the severity of the disease in such patients. Also, the heatmap visualization further
revealed that some groups of patients’ severity were seemingly driven by complex genetic interaction

rather than the covariates’ age, and gender.
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The interpretability of our models allowed us to shed new light on the complex landscape of genetic
interactions with virus genetics which contributed to a severe response to COVID-19 in an Italian
cohort. Among the 16 variants with 100% support, only 6 genes (37%) were annotated in the largest
pathway knowledgebase, i.e., Reactome [225], suggesting that unannotated variants might modulate

the interaction with the virus through yet-to-be-discovered biological mechanisms.

Interestingly, we discovered that two highly supported variants, chr9:34557898:A:T (CNTFR) and
rs150021157 (PCSKS5), have a mutual interaction within the second largest module of the gene
interaction network affected by mutations in our study. This cluster, which is moreover the only one
characterized by two fully supported variants, is highly enriched in pathways linked to immune
response and inflammation, such as the such as JAK-STAT signaling pathway, Cytokine-cytokine
receptor interaction, and Interleukin-6 family signaling. The third cluster, which cross-talks with the
second one, involves processes related to SMAD and TGF-f signaling, which were previously shown

to be modulated by SARS nucleocapsid proteins [269].

We found that variants enriched in severe patients are involved in cardiomyopathies processes,
supporting the established notion that patients with heart disease or its risk factors are at greater risk
of severe consequences following COVID-19 infection, including hospitalization, ventilation, or
death [270]. Additional processes significantly enriched among severe mutations was ECM, whose
importance in mediating the interaction with viral particles have been highlighted by affinity-
purification proteomics experiments [234]. Recent experiments also confirmed a role for integrins in
binding to UV-inactivated viral particles, through which outside-inside signaling is elicited via
binding to Gal3 [271]. Vesicle-mediated transport, such as clathrin-mediated endocytosis, has been
shown to mediate a key entry point for SARS [272]. The latter pathway has also been confirmed to
drive a chronic immune response in severe COVID-19 [273]. Additionally, C-type leptin receptors
have been shown to engage with the virus inducing robust pro-inflammatory responses in myeloid
cells that correlated with COVID-19 severity [205].
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On the other hand, some of the processes that we found significantly enriched among asymptomatic
patients have been previously put in connection to SARS viral infection. For example, members of
the machinery for DNA damage response have been shown to interact and affect the response to
several DNA and RNA viruses [274] and it has been recently demonstrated that these pathways are

also triggered by SARS-CoV-2 in vitro cellular models [275].

The Fanconi anemia pathway is tightly linked to DNA repair processes involving homologous
recombination and genome integrity [276]. We therefore speculate that patients carrying variants on
these pathways might differently interact with the virus, modulating a milder response to viral

infection.

Several identified processes offer druggable options for therapeutic treatment. Androgen receptor
signaling and its genetic variability have been already linked to COVID-19 severity[277], [278] and
its inhibition proposed as a therapeutic strategy (e.g., [279]). We found several GPCR signaling
instances significantly enriched in our network, those related to Gj and Gq signaling, which mediate
vascular inflammation. In particular, the Gq pathway contributes to regulating calcium signaling,
which is one of the most enriched processes in our dataset and which leads to endothelial barrier
disruption via adherent’s junction disassembly[280]. Additionally, the Gq signaling pathway may also
activate the JAK-STAT pathway through (ERK)1/2 signaling [247], the latter in turn also activated
by Gi signaling[281]. It has also been recently shown that the C5a—C5aR1 axis, which also signals
intracellularly through Gq, plays a key role in the pathophysiology of ARDS associated with COVID-
19 by starting and maintaining several inflammatory responses through the recruitment and activation
of neutrophils and monocytes [282]. Hence, similarly to what we and others previously described in
cancer [283], genetic factors converging on modulating common GPCR downstream signaling
pathways might also contribute to the onset of the inflammatory response related to COVID-19, at

the same time offering new therapeutic intervention options for patients with severe forms of COVID-
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19. The recent finding that autoantibodies targeting GPCRs are associated with COVID-19 severity

[284], further strengthens these receptors as therapeutic candidates.

We found multiple, recurrent disease traits associated with the variants identified. The variants
rs150021157 and rs140300753 have complete support in supervised learning and illustrate
connections to phenotypes potentially contributing to COVID-19 severity, such as “Abnormal

Breathing Phenotype”.

Some categories show a prevalence of associations with risk factors, such as “respiratory or thoracic
disease”, including specific traits such as chronic bronchitis, emphysema or COPD (the latter also
found in the “infectious disease” category). Other categories enriched for associations with variants
enriched in severe patients are “immune system disorders”, including traits such as immunodeficiency
with antibody defects, or “pancreas disease”, including several instances mainly associated to Type
2 diabetes, which is a known risk factor for severe COVID-19 [285] and whose molecular connection
to cytokine storm inflammatory response has now begun to emerge [19], [286]. Taken together, these

results further corroborate our analysis.

Filtering the WES dataset using an alternative approach of SKAT other than the OR approach we
used also gave us a good look of the problem from a new lens. For example, we were able to identify
top genes such as AK2, H4C1I and MUC6 genes which have been linked to diseases associated with
immune system and epithelial proliferation [287], [288]. Although genetics alone cannot fully explain
the cause of severity in patients as stressed by some of the techniques we explored in this study.
However, the study of significant filtered genes from these techniques can partially explain why some

people become seriously ill with Covid-19, while others are not affected.

We integrated our severity prediction model into an ExplainerDashboard to ease the interpretation of
the predictions. The ExplainerDashboard python library helped us to quickly built interactive

dashboards for analyzing and explaining the HGSP model predictions.
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The ExplainerDashboard API is quite flexible and by default, it tries to display all the default tabs
that are compatible with the HGSP model and its output such as SHAP values, permutation
importance, interaction effects, partial dependence plots, and all kinds of performance plots, such as
Precision-Recall curve, ROC curves, This allowed for easy visualization of the HGSP model at local
and global explanation level which for example help us to understand some genetic interactions that

likely interplay with patients’ severity to the COVID-19.
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Chapter

7

Conclusion and Future

7.1 Conclusion

The HGSP modelling approach used in this study is complementary to previous and ongoing efforts
entailing ML techniques (i.e., LASSO logistic regression models) and a boolean representation of
genetic variants to identify the most informative features associated to severity to compile an
Integrated PolyGenic Score for COVID-19 severity predictions [19], [153]. While we expect that
some of the variants identified in this study might be specific for the Italian population, we believe
that our approach could be readily trained on different cohorts to identify additional biomarkers for
patient stratification in the clinics. Our capability to understand and forecast the genetic factors
contributing to COVID-19 disease severity will certainly benefit from the availability of larger
sequencing cohorts, the usage of more advanced methods for case-control associations in WES
studies, new methodological advancement in the explainable Al field, as well as on our prior or data-

driven knowledge of biological mechanisms linking genetic variants to disease phenotypes.
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Taking together the ML pipeline and domain knowledge analyses used in this study, a similar

approach adapted could train large disease context omics datasets.

7.2 Future Works

Considering the continuous evolution of global health challenges such as new pandemics, anti-
microbial resistance, as well as pathologies related to an ever-aging population [289], such as cancer
or neurological disorders, this study will leave its windows open to explore new techniques and
approaches that can shed new insights to further improve the current proposed Interpretable ML

framework.

In the future, we will seek to explore the use of advanced classification and subgroup stratification
approaches such as topological data analysis like Latent Profile Analysis (LA) or Latent Process
Decomposition to identify clusters of patients informative of distinct biological profiles; correlate
with phenotypic and clinical outcomes to improve the definitions clinical disease phenotype outcomes
and biomarker signatures. Also, we will seek to further foster the integration of domain-level
knowledge analyses/interpretations, humans in the ML pipeline loop, and integrated novel model
explanation frameworks, to further strengthen interpretable ML techniques in the Biomedical science

area such as personalized medicine.
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Appendices

Data availability

All the data, scripts, and supplementary tables used to generate the figures are available, in a
dedicated folder for each figure, at the following URL: https://github.com/raimondilab/An-
explainable-model-ofhost-genetic-interactions-linked-to-Covid 19-
severity/tree/main/scripts_figures_ manuscript COVID_19.

The source data for graph and charts are provided in Supplementary Data 1—-13.

Code availability

All the scripts and models generated and data to reproduce them are available at the following URL:
https://github.com/raimondilab/An-explainable-model-of-host-geneticinteractions-linked-to-
Covid19-severity
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